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Abstract

This PhD thesis presents novel inverse problem formulation and image reconstruction approaches as
well as hardware design and simulation methodologies in Electrical Impedance Tomography. Evaluation
of the proposed algorithms has been performed via extensive simulations, experimental and invivo data.
A simulation interface was also developed to observe the performance of different hardware and electrode
configurations.

In the first chapter (1), a brief introduction in the definition of Electrical Impedance Tomography as
well as a historical review is performed.

The second chapter (2) describes the problem’s mathematical formulation, the current and measure
ment patterns, the forward and the inverse problems. The nonlinear, illposed and illconditioned in
verse problem is treated as a regularized leastsquare optimization problem. In this chapter, a description
of the stateoftheart as well as the more recent approaches on the solution of the inverse problem is
performed. It includes linear and nonlinear reqularization approaches, the nonlinear inverse scattering
Fourier transformbased DBar method, as well as machine learning ones.

In the third chapter (3), a novel efficient methodofmoment approach using Green’s functions and
modified radial basis functions for the representation of the conductivity logarithm is described. The in
verse problem is treated with L1norm or L2norm regularization methods. The main advantage of this
approach is that it uses a more accurate expression of the relationship between the electrode boundary
voltages and the conductivity distribution than the typical weaklinearized one. This limits the effects
of the problem’s nonlinearity and leads to faster convergence of the solution, even if conductivity per
turbations are intense. The approach is also tested in 3D cylindrical setups, while fineremeshing (dual
reconstruction) can be also applied. Its effectiveness is verified both qualitatively and quantitatively,
through numerous simulation examples with the signal noise considered, as well as experimental and
invivo cases.

The fourth chapter (4) presents an approach which combines the methodofmoment described in
the third chapter with a sparse Bayesian learning algorithm, based on the EMalgorithm. It offers noise
robustness and decreases the effect of hyperparameter values to the reconstruction spatial performance.
The method is applied on dynamic lung imaging. For its qualitative and quantitative evaluation, a number
of threedimensional thoracic simulated models were built, based on CT images of 3 adult male subjects
and considering five breathcycle discrete states: from the expirationend to the inspirationend. An image
registration method for the extraction of the reference (true) images was performed and a number of
quantitative metrics was used for the evaluation. Both simulation and invivo results showed improved
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performance at most of the figures of merit compared to stateoftheart methods.
The fifth chapter (5) performs an extensive review of the EIT hardware typical characteristics. Firstly,

the basic system’s architecture is described. Secondly, common topologies of current sources for bioimpedance
measurement, with their advantages and disadvantages are described. The effect of reduced output impedance,
mismatch between source and sink and common signal is discussed. Then, a description of the voltage
recording circuitry configuration is performed, followed by SNR estimation models. In addition, the de
modulation process and possible digital control methods are described.

In the sixth chapter (6) an extensive simulation interface for EIT hardware, developed with MATLAB
and LT SPICE is presented. Apart from signal noise, the impact of important effects (common signal,
parasitic capacitances, electrode contact impedance, sampling rate and resolution, number of samples per
measurement, e.t.c.) in the reconstruction quality is researched. For many of them, accurate mathematical
models do not exist, hence a direct simulation approach prior to the design process is essential. The
signal noise is added to transient simulations, that are transferred in MATLAB to simulate the digital
process. The subject under test is alsomerged in the simulation setup using frequencydependentmultiport
equivalent circuits.

In the seventh chapter (7), the content of three research papers about miscellaneous bioimpedance
modeling applications is included. In the first part (7.1), a highly tunable twodimensional timevariant
thoracic model is presented, focusing on the impact of the boundary and tissues’ movement during the
measurement process on the reconstructed image. In second part (7.3), the skinelectrode contact during
tetrapolar bioimpedance measurement is simulated using Cole model analog realization. A postlayout
implementation and simulation on IC analog circuit evaluates the model’s accuracy. Finally, in the third
part (7.4), healthy and cancerous lung cells are realized as Cole modelbased analog IC circuits using
current feedback amplifiers.

In the nineth chapter (8), the conclusions of the research conducted are drawn. Finally, the appendices
(9 and 10) include basic parts of the MATLAB code used as well as mathematical proofs for the second
Green theorem integral equation formulation and the Neumann Green’s function on a circular domain.

Index Terms Electrical Impedance Tomography, image reconstruction, forward problem, inverse prob
lem, regularization, methodofmoment, Sparse Bayesian Learning, hardware, current source, analog
frontend, noise, evaluation.



Περίληψη

Στη διδακτορική αυτή διατριβή περιλαμβάνεται μια εκτεταμένη βιβλιογραφική έρευνα, καθώς και
την ανάπτυξη νέων μεθοδολογιών που αφορούν τόσο τους αλγορίθμους απεικόνισης όσο και την σχε
δίαση και προσομοίωση του υλικού σχετικά με την Ηλεκτρική Τομογραφία Σύνθετης Εμπέδησης. Τα
αποτελέσματα της έρευνας παρατίθενται μέσω εκτεταμένων προσομοίωσεων καθώς και πειραματικών
και ιατρικών δεδομένων.

Στο 1ο κεφάλαιο της διδακτορικής διατριβής πραγματοποιείται μια σύντομη εισαγωγή στην έννοια
της ηλεκτρικής τομογραφίας σύνθετης εμπέδησης καθώς και μια ιστορική αναδρομή.

Στο 2ο κεφάλαιο πραγματοποιείται μια εκτεταμένη περιγραφή του μαθηματικού μοντέλου του προ
βλήματος, των χρησιμοποιούμενων στρατηγικών μέτρησης, του ορθού (forward) προβλήματος καθώς
και του αντίστροφου προβλήματος (inverse problem). Η επίλυση του μη γραμμικού (nonlinear) και
κακώς ορισμένου (illposed and illconditioned) αντίστροφου προβλήματος ανάγεται στην συγκρότηση
ενός προβλήματος βελτιστοποίησης με έναν όρο ελαχίστων τετραγώνων μεταξύ των προσομοιούμενων
και των μετρηθέντων τάσεων των ηλεκτροδίων υπό δεδομένη κατανομή αγωγιμότητας και έναν ή περισ
σότερους όρους κανονικοποίησης. Στο κεφάλαιο αυτό περιγράφονται οι κλασσικές και οι πιο σύγχρονες
μέθοδοι επίλυσης αυτού του προβλήματος ελαχιστοποίησης, περιλαμβανομένων των γραμμικών και μη
γραμμικών μεθόδων κανονικοποίησης (regularization), μη γραμμικών αντίστροφων μετασχηματισμών
Fourier (DBar) καθώς και μεθόδων που χρησιμοποιούν τη μηχανική μάθηση (machine learning).

Στο 3ο κεφάλαιο μελετάται μια νέα μέθοδος αντιμετώπισης του προβλήματος απεικόνισης
(reconstruction problem), με χρήση συναρτήσεων Green, μεθόδου των στιγμών (method of moments)
και τροποποιημένων Γκαουσιανών συναρτήσεων βάσης (modified radial basis functions). Η μέθοδος α
νάγεται σε ένα πρόβλημα ελαχιστοποίησης που αντιμετωπίζεται με κλασικές μεθόδους κανονικοποίησης
χρησιμοποιώντας όρους νόρμας L1 ή L2. Βασικό πλεονέκτημα της μεθόδου είναι η ακριβέστερη θεώ
ρηση της εξάρτησης των τάσεων των ηλεκτροδίων από της κατανομή της αγωγιμότητας, κάτι το οποίο
βελτιώνει τις επιπτώσεις της μη γραμμικότητας (nonlinearity) του προβλήματος οδηγώντας σε ταχύτερη
σύγκλιση ακόμα και όταν οι διαταρραχές της αγωγιμότητας (conductivity perturbations) στη διάταξη μέ
τρησης είναι έντονες. Η μέθοδος επίσης μπορεί να προσαρμοστεί σε τριδιάστατα προβλήματα καθώς και
δυικές διακριτοποιήσεις του χώρου απεικόνισης (fine remeshing). Η αποτελεσματικότητά της εξετάζεται
τόσο ποιοτικά όσο και ποσοτικά μέσω πολλαπλών παραδειγμάτων διδιάστατης και τριδιάστατης προσο
μοίωσης θεωρώντας θορυβώδη σήματα τάσης, μέσω πειραματικών διατάξεων καθώς και δεδομένων από
ασθενείς (invivo data).

Στο 4ο κεφάλαιο, μια μέθοδος αραιής Μπαεζιανής μάθησης (Sparse Bayesian LearningSBL) εν
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σωματώνεται στη μέθοδο των στιγμών που περιγράφεται στο 3ο κεφάλαιο, προσφέροντας βελτιωμένη
ποιότητα απεικόνισης και αντίσταση στο θόρυβο (noise robustness). Η εφαρμογή της μεθόδου εξειδι
κεύεται σε δυναμική απεικόνιση θώρακα και πνευμονικής λειτουργίας (dynamic thoracic imaging, lung
impedance changes, lung functioning). Για την ποσοτική επαλήθευση της αποτελεσματικότητάς της, κα
τασκευάστηκαν τριδιάστατα μοντέλα τομής θώρακα βασιμένα σε 3 αξονικές τομογραφίες ασθενών από
ανοικτή βάση δεδομένων. Ακολουθήθηκε μια μέθοδος εξαγωγής εικόνας αναφοράς καθώς και πολλαπλά
κριτήρια ποσοτικής αξιολόγησης. Τα αποτελέσματα έδειξαν σημαντική βελτίωση στα περισσότερα αυτά
κριτήρια απεικόνισης.

Στο 5ο κεφάλαιο πραγματοποιείται μια εκτεταμένη περιγραφή των τυπικών χαρακτηριστικών του
υλικού (hardware) ενός συστήματος ηλεκτρικής τομογραφίας σύνθετης εμπέδησης. Αρχικά γίνεται ανα
φορά στην βασική δομή ενός τέτοιου συστήματος. Στη συνέχεια, περιγράφονται οι πιθανές διατάξεις και
τοπολογίες πηγών ρεύματος για μέτρηση βιοαντίστασης, καθώς και τα πλεονεκτήματαμειονεκτήματα
της καθεμίας. Ιδιαίτερη αναφορά γίνεται στο ζήτημα της μειωμένης αντίστασης εξόδου, της αναντιστοι
χίας συμμετρικών τμημάτων του κυκλώματος καθώς και την ύπαρξη κοινού σήματος. Έπειτα, μια αντί
στοιχη περιγραφή πραγματοποιείται σχετικά με το κύκλωμα μέτρησης τάσης, συνοδευόμενη από βασικά
μαθηματικοποιημένα μοντέλα εκτίμησης θορύβου. Τέλος περιγράφεται η διαδικασία της αποδιαμόρφω
σης (demodulation) και πιθανοί τρόποι άσκησης ψηφιακού ελέγχου στο σύστημα.

Στο 6ο κεφάλαιο μελετάται μια εκτεταμένη μέθοδος προσομοίωσης συστημάτων ηλεκτρικής τομο
γραφίας. Για τις προσομοιώσεις χρησιμοποιείται μια διεπαφή μεταξύ του LT SPICE (για το αναλογικό
μέρος) και του MATLAB (για το ψηφιακό μέρος). Μελετάται η απευθείας επίδραση στην ποιότητα της
απεικόνισης παραγόντων πέραν του θορύβου, για τους οποίους δεν είναι εύκολο να εκτιμηθεί με αυστηρά
μαθηματικά μοντέλα. Τέτοιοι παράγοντες είναι το κοινό σήμα, η επίδραση των παρασιτικών χωρητικο
τήτων, των αντιστάσεων επαφής των ηλεκτροδίων, του αριθμού των δειγμάτων του φίλτρου αποδιαμόρ
φωσης καθώς και της ποιότητας της δειγματοληψίας. Για την ενσωμάτωση του θορύβου στα χρονικά
προσομοιούμενα σήματα, χρησιμοποιούνται πέραν της προσομοίωσης θορύβου μέσω LT SPICE και μα
θηματικά μοντέλα για την εκτίμησή του. Παράλληλα, η εκάστοτε εξεταζόμενη διάταξη μετατρέπεται σε
ένα ισοδύναμο παθητικό πολύθυρο κύκλωμα, εξαρτώμενο από τη συχνότητα του σήματος εισόδου.

Στο 7ο κεφάλαιο παρατίθεται το περιεχόμενο τριών εργασιών που αφορούν σε διάφορα θέματα μο
ντελοποίησης. Στο πρώτο κομμάτι, περιγράφεται η παραμετρική μοντελοποίησης ενός διδιάστατου μο
ντέλου θώρακα πραγματικού χρόνου, που έχει σαν σκοπό τη μελέτη της επίδρασης της κίνησης των
οργάνων κατά τη διάρκεια της ίδιας της διαδικασίας της μέτρησης. Στο 2ο κομμάτι, πραγματοποιείται η
μοντελοποίηση της επαφής δέρματοςηλεκτροδίου σε τετραπολική μέτρηση, χρησιμοποιώντας μοντέλα
τύπου ColeCole και υλοποίηση σε διάταξη αναλογικού ολοκληρωμένου κυκλώματος. Τέλος στο 3ο μέ
ρος, μοντελοποιείται ο πνευμονικός ιστός με χρήση ColeCole σε αναλογικό κύκλωμα. Στόχος είναι η
μελέτη και ο διαχωρισμός των υγιών από τους καρκινικούς ιστούς, βάσει της συμπεριφοράς του μοντέλου
βιοαντίστασης.

Στο 8ο κεφάλαιο γίνεται η αποτίμηση της διεξαχθείσας έρευνας και η σύνοψη των συμπερασμάτων
της. Τέλος, στο 9ο κεφάλαιο (παραρτήματα) περιέχονται ορισμένες μαθηματικές αποδείξεις χρησιμο
ποιούμενων εξισώσεων καθώς και βασικά τμήματα κώδικα που χρησιμοποιήθηκαν για την εξαγωγή α
ποτελεσμάτων.
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Εκτεταμένη Περίληψη

Η παρούσα διατριβή πραγματεύεται την απεικόνιση (imaging) της κατανομής της σχετικής αγωγιμό
τητας (relative conductivity distribution) σε ιστούς και υλικά σώματα με χρήση Ηλεκτρικής Τομογραφίας
Σύνθετης Εμπέδησης (Electrical Impedance TomographyEIT).

Η Ηλεκτρική Τομογραφία Σύνθετης Εμπέδησης είναι μια τεχνική κατά την οποία ένα εναλασσόμενο
ρεύμα διαχέεται μέσω ενός πίνακα ηλεκτροδίων σε ένα εξεταζόμενο σώμα, ιστό ή αντικείμενο με σκοπό
την εκτίμηση της κατανομής της σχετικής αγωγιμότητάς του. Για να πραγματοποιηθεί η ανακατασκευή
της εικόνας (image reconstruction), μετράται ένας συνδυασμός δυναμικών μεταξύ των ηλεκτροδίων. Τα
δυναμικά αυτά χρησιμοποιούνται σαν πληροφορία (μέτρησηraw data measurements) για τη διαδικασία
της ανακατασκευής που επιτυγχάνεται μέσω μιας σύνθετης μαθηματικής διαδικασίας.

Η Ηλεκτρική Τομογραφία Σύνθετης Εμπέδησης βρίσκει εφαρμογή κυρίως σε ιατρική απεικόνιση
(medical imaging), αλλά και στη βιομηχανία (industrial process tomography), την γεωλογία και την
αρχαιολογία. Συγκεκριμένα, στον ιατρικό κλάδο, η πιο δημοφιλής εφαρμογή εντοπίζεται στην θωρα
κική απεικόνιση συνεχούς χρόνου (dynamic thoracic imaging). Αυτή έχει στόχο την παρακολούθηση
της διαδικασίας της αναπνοής (breathing) μέσω της συνεχούς μεταβολής της ηλεκτρικής εμπέδησης των
πνευμόνων (lung conductivity change) λόγω της μεταβολής του όγκου του περιλαμβανόμενου αέρα (air
volume). Μια άλλη σημαντική χρήση της μεθόδου στην ιατρική απεικόνιση είναι η παρακολούθηση
της ηλεκτρικής εμπέδησης του εγκεφάλου, ορισμένες φορές σε συνδυασμό με την παρακολούθηση της
ηλεκτρικής του δραστηριότητας μέσω Ηλεκτροεγκεφαλογραφήματος (EEG), με σκοπό τον εντοπισμό
ισχαιμικών (ischaimic stroke) ή αιμοραγικών επεισοδίων (hemorrhage). Επιπλέον, ο εντοπισμός καρκι
νικών όγκων (cancerous tissues), ειδικότερα στο μαστό ή τον προστάτη αποτελεί μια ακόμα σημαντική
εφαρμογή της μεθόδου στον κλάδο. Στη βιομηχανία, η Ηλεκτρική Τομογραφία Σύνθετης Εμπέδησης
έχει εφαρμογή στον εντοπισμό μεταλλικών ελασμάτων καθώς και στο μη καταστροφικό έλεγχο (non
destructive control). Τέλος, στην γεωλογία και την αρχαιολογία η μέθοδος είναι περισσότερο γνωστή
σαν Ηλεκτρική Τομογραφία (Electrical Resistivity TomographyERT).

Η εξεταζόμενη μέθοδος έχει ορισμένα σημαντικά πλεονεκτήματα σε σχέση με τις συμβατικές ια
τρικές μεθόδους απεικόνισης. Συγκεκριμένα, η χρήση ενός πολύ χαμηλής έντασης ηλεκτρικού ρεύμα
τος (συνήθως 100µA − 6mA, ανάλογα την εφαρμογήapplication και την συχνότηταfrequency), εγ
γυάται την απουσία ιοντίζουσας ακτινοβολίας (ionizing radiation), σε αντίθεση με την Αξονική Τομο
γραφία (Computed TomographyCT) και την Τομογραφία Εκπομπής Ποζιτρονίου (Positron Emission
TomographyPET). Επιπλέον, το κόστος υλικού είναι ιδιαίτερα χαμηλό (lowcost), ενώ είναι και μικρό
σε έκταση, παρέχοντας τη δυνατότητα εύκολης μεταφοράς (portability). Πρόσφατα μάλιστα, έχουν α
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ναπτυχθεί πειραματικές διατάξεις οι οποίες διακρίνονται από χαμηλή κατανάλωση ισχύος (lowpower
consumption) και μπορούν να ”φορεθούν” από τον ίδιο τον ασθενή (wearable systems). Παράλληλα,
η ταχύτητα λήψης των μετρήσεων και της ανακατασκευής εικόνας είναι υψηλή, επιτρέποντας έτσι την
απεικόνιση σε συνεχή χρόνο, με αυξημένη χρονική ανάλυση (high temporal resolution). Το τελευταί
ο αυτό χαρακτηριστικό δίνει τη δυνατότητα στη μέθοδο να χρησιμοποιηθεί στην παρακολούθηση της
αναπνευστικής λειτουργίας των ασθενών με αξιόλογη αποτελεσματικότητα. Μια ειδική περίπτωση ό
που η Ηλεκτρική Τομογραφία Σύνθετης Εμπέδησης αποτελεί αποκλειστική επιλογή για τον παραπάνω
σκοπό είναι η παρακολούθηση νεογνών (neonates) με οξύ αναπνευστικό σύνδρομο (Respiratory Distress
Syndrome). Πρέπει εδώ να σημειωθεί ότι τα νεογνά δεν θα πρέπει να εκτίθενται οποιασδήποτε μορφής
ακτινοβολία. Τέλος, το τελευταίο πλεονέκτημα της μεθόδου σε συνδυασμό με τη φορητότητα και τη χα
μηλή κατανάλωση ισχύος ενός συστήματος που την υλοποιεί θα μπορούσε να αξιοποιηθεί σαν εργαλείο
παρακολούθησης ασθενών του γενικού πληθυσμού που αναπτύσσουν οξύ αναπνευστικό σύνδρομο εξαι
τίας της ασθένειας COVID19. Οι πρώτες σχετικές μελέτες έχουν ήδη πραγματοποιηθεί και παρατίθενται
στη βιβλιογραφία.

Παρά τα παραπάνω πλεονεκτήματα της Ηλεκτρικής Τομογραφίας Σύνθετης Εμπέδησης, υπάρχουν
ορισμένα σοβαρά ζητήματα, εξαιτίας των οποίων η μέθοδος δεν έχει ακόμα χρησιμοποιηθεί σε ευρεία
κλίμακα, παρότι προτάθηκε για πρώτη φορά ήδη από το 1978. Το σημαντικότερο μειονέκτημα, συγκρίνο
ντας με άλλες τομογραφικές μεθόδους, είναι η χαμηλή ανάλυση εικόνας (spatial resolution). Δυστυχώς,
μια αυτοτελής εικόνα δεν παρέχει επαρκή οπτική πληροφορία για λεπτομέρειες της δομής των ιστών ή
του περιεχομένου ενός σώματος, πέραν ορισμένων πολύ βασικών χαρακτηριστικών. Επομένως, για την
εξαγωγή κάποιων ασφαλών συμπερασμάτων, θα πρέπει να χρησιμοποιηθεί το πλεονέκτημα της υψη
λής χρονικής ανάλυσης, μέσω της λήψης πολλών συνεχόμενων πλαισίων (timedifference EIT, tdEIT)
αν πρόκεται για απεικόνιση συνεχούς χρόνου. Αντίστοιχα, σε στατικές λήψεις (για την ανίχνευση πα
ραδείγματος χάρην καρκινικών ιστών) συνηθίζεται η χρήση πολλών συχνοτήτων στο ρεύμα διέγερσης
(frequencydifference EIT, fdEIT).

Ένα ακόμα πρόβλημα που τίθεται κατά την εφαρμογή της μεθόδου είναι η αξιοσημείωτη ευαισθη
σία της εικόνας σε σήματα θορύβου (noise signals). Αυτό οφείλεται σε ένα φαινόμενο που ονομάζεται
softfield effect. Συγκεκριμένα, όταν ρεύμα εκχέεται σε ένα σώμα μέσω ενός ζεύγους ηλεκτροδίων, η
κατανομή (πυκνότητά) του μέσα σε αυτό δεν είναι ομοιόμορφη. Αντιθέτως, η πυκνότητα του ρεύματος
είναι υψηλή κοντά στα ηλεκτρόδια ρεύματος και πολλές τάξεις μεγέθους χαμηλότερη μακριά από αυ
τά (current diffusion). Αυτό έχει σαν αποτέλεσμα να μετρώνται δυναμικά πολύ χαμηλού πλάτους στα
ηλεκτρόδια που βρίσκονται σε απόσταση από την πηγή. Δεδομένου ότι η πυκνότητα του ρεύματος υ
ποδηλώνει την ευαισθησία του πεδίου σε μεταβολές της αγωγιμότητας, η μειωμένη ευαισθησία του δυ
ναμικού των απομακρυσμένων ηλεκτρόδιων υποβαθμίζει σημαντικά την ουσιαστική πληροφορία που
λαμβάνεται από τις μετρήσεις. Αυτό σημαίνει ουσιαστικά ότι το μαθηματικό πρόβλημα που περιλαμβά
νει την πληροφορία (μετρήσεις) είναι κακώς ορισμένο (illconditioned). Από μαθηματική σκοπιά, αυτό
σημαίνει ότι υπάρχουν γραμμικές εξαρτήσεις (linear dependance) μεταξύ των εξισώσεων. Το γεγονός
αυτό σε συνδυασμό με το ότι τις περισσότερες φορές οι μετρήσεις είναι λιγότερες από τα διακριτά χωρία
στα οποία θέλουμε να ανακατασκευάσουμε την εικόνα (illposed problem) δημιουργεί ένα μοτίβο ενός
προβλήματος που είναι ιδιαίτερα ευαίσθητο σε διαταρραχές των μετρήσεων (θόρυβο).
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Πέραν του θορύβου στις μετρήσεις, ένας άλλος παράγοντας που δημιουργεί σφάλμα στην απεικόνιση
(reconstruction error) είναι η αναντιστοιχία που υπάρχει στη γεωμετρία μεταξύ του πραγματικού (ή προ
σομοιωτικού) μοντέλου και της γεωμετρίας στην οποία ανακατασκευάζουμε την εικόνα (reconstruction
domain). Η αναντιστοιχία αυτή είναι πιθανό να παρουσιάζεται είτε στο σύνορο, είτε στις θέσεις/γεω
μετρία των ηλεκτροδίων είτε στις διαστάσεις τους. Ωστόσο, συνηθίζεται παρότι το πραγματικό αντι
κείμενο προς εξέταση είναι τρισδιάστατο, η απεικόνιση να γίνεται σε δυο διαστάσεις λόγω μειωμένης
πολυπλοκότητας αλλά και του γεγονότος ότι μειώνεται το χάσμα μεταξύ των μετρήσεων και των χω
ρίων που περιλαμβάνονται στη γεωμετρία που πραγματοποιείται η απεικόνιση (reconstruction domain)
(reduced illposedness). Επιπλέον, για να μειωθεί αισθητά η επίδραση των περιγραφόμενων σφαλμάτων
στην ποιότητα της απεικόνισης, είναι αρκετά σύνηθες να εφαρμόζεται διαφορική Ηλεκτρική Τομογραφία
Σύνθετης Εμπέδησης (differenceEIT, tdEIT ή fdEIT), όπου λαμβάνεται η διαφορά μεταξύ δυο πλαι
σίων μετρήσεων (measurement frames) αντί της απόλυτης (absolute EIT) που χρησιμοποιεί μόνο ένα
πλαίσιο.

Ακολούθως, περιγράφονται συνοπτικά οι μεθοδολογίες που ακολουθούνται για τη διαδικασία της
απεικόνισης, καθώς επίσης και η προσέγγιση που μελετάται στα πλαίσια της διδακτορικής αυτής διατρι
βής.

Μέθοδοι Ανακατασκευής Εικόνας με Ηλεκτρική Τομογραφία Σύνθετης Εμπέδησης

Από μαθηματικήςπεδιακής σκοπιάς, το πρόβλημα που τίθεται σύμφωνα με τη μέθοδο αυτή, ακο
λουθεί την εξίσωση έκχυσης ρεύματος μέσα σε μια κατανομή αγωγιμοτήτων:

∇(σ(r)∇u(r)) = 0 (1)

όπου το διάνυσμα r ∈ Ω, όπου Ω είναι το διδιάστατο ή τρισδιάστατο χωρίο στο οποίο εξετάζεται
το πρόβλημα. Επίσης σ και u είναι η αγωγιμότητα και το δυναμικό στο χώρο αντίστοιχα. Οι συνοριακές
συνθήκες εξαρτώνται από το μοντέλο των ηλεκτροδίων που θεωρούμε κατά την ανάλυσή μας. Τα πιο
δημοφιλή είναι το σημειακό μοντέλο ηλεκτροδίων (point electrode modelPEM) και το πλήρες μοντέλο
ηλεκτροδίων (complete electrode modelCEM).

Αν θεωρήσουμε το PEM, τότε η (1) τροποποιείται ως ακολούθως:

∇(σ(r)∇u(r; r+, r−)) = Ik
(
δ(r − r+)− δ(r − r−)

)
(2)

όπου I είναι το πλάτος του εκχεόμενου ρεύματος, k = 1/metern μια σταθερά και r+, r− οι θέσεις
των ηλεκτροδίων έκχυσης ρεύματος (source and sink). Η συνοριακή συνθήκη ορίζει ότι το ρεύμα δεν
διαπερνάει το σύνορο ∂Ω σε κανένα σημείο (υπό την προϋπόθεση ότι τα σημειακά ηλεκτρόδια από
μαθηματικής σκοπιάς θα θεωρηθούν ότι βρίσκονται λίγο εντός του συνόρου):

∂u(r; r+, r−)

∂n
= 0 (3)
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όπου n ένα μοναδιαίο κάθετο στο σύνορο διάνυσμα.

Το πλήρες μοντέλο ηλεκτροδίου (CEM) ορίζεται από την (1) και τις ακόλουθες συνοριακές συνθήκες:

u(r) + zlσ(r)
∂u(r)

∂n
= Ul, r ∈ el, l = 1, ..., N (4)∫

el

σ(r)
∂u(r)

∂n
dS = Il, l = 1, ..., N (5)

σ(r)
∂u(r)

∂n
= 0, r ∈ ∂Ω\

N⋃
l=1

el (6)

όπου zl η αντίσταση επαφής (contact impedance) του lοστού ηλεκτροδίου και N ο συνολικός αριθμός
των ηλεκτροδίων. Για την μαθηματική διαδικασία της απεικόνισης, ορίζεται το ορθό πρόβλημα (forward
problem) και το αντίστροφο (inverse problem).

Το ορθό πρόβλημα (forward problem) θεωρεί γνωστή την κατανομή της αγωγιμότητας σε ένα χώρο
/δομή (domain/structure) και ασχολείται με την εύρεση του δυναμικού, σύμφωνα με τις εξισώσεις του
μοντέλου που έχει οριστεί (PEM, CEM, κ.ο.κ.). Για την επίλυσή του χρησιμοποιείται συνηθέστερα η
μέθοδος των Πεπερασμένων Στοιχείων (Finite Element MethodFEM) όπου το χωρίο διαχωρίζεται σε
μικρότερα διακριτά γεωμετρικά χωρία που ακολουθούν ένα συγκεκριμένο κανόνα συναρτήσεων βάσης
(base functions). Η παραδοχή που συνήθως γίνεται είναι ότι η κατανομή της αγωγιμότητας είναι ομογε
νής (homogeneous), εκτός αν υπάρχει κάποια πρότερη γνωστή πληροφορία (apriori).

Στο αντίστροφο πρόβλημα (inverse problem), λαμβάνεται υπόψη η κατανομή του δυναμικού που
ευρίσκεται κατά τη μελέτη του ορθού προβλήματος (forward problem) ώστε γίνει μια προσέγγιση της
κατανομής της αγωγιμότητας (conductivity distribution). Παρότι το πρόβλημα που περιγράφεται από τις
εξισώσεις του PEM και του CEM είναι μη γραμμικό (nonlinear), όταν ακολουθείται η μέθοδος των Πε
περασμένων Στοιχείων (FEM) συνηθίζεται να γράφεται σε διγραμμική (bilinear), ασθενή ολοκληρωτική
μορφή. Στην περίπτωση του PEM (που είναι το απλούστερο μοντέλο) και του διαφορικού EIT μπορούμε
να γράψουμε την ακόλουθη ασθενή μορφή:

δUdm = −
∫
Ω
δσ∇u(Id) · ∇u(Im)dA (7)

όπου δUdm είναι η υπολογιζόμενη τάση μεταξύ 2 ηλεκτροδίων, όταν παρουσιάζεται μια μικρή μεταβολή
αγωγιμότητας δσ. Επίσης το ρεύμα εκχέεται στο mοστό ζεύγος ηλεκτροδίων και μετράται στο dοστό
ζεύγος. Σημειώνεται επίσης ότι το∇u(Id) είναι το ηλεκτρικό πεδίο που υπολογίζεται στο ορθό πρόβλημα
θεωρώντας ότι το ρεύμα εκχέεται στο dοστό ζεύγος ηλεκτροδίων και∇u(Im) είναι το ηλεκτρικό πεδίο
όταν θεωρούμε το ρεύμα τοmοστό ζεύγος.

Θεωρώντας μικρές τις διαταρραχές της αγωγιμότητας (small conductivity inclusions), μπορούμε να
υπολογίσουμε την ευαισθησία (sensitivity) ως ακολούθως:

J i
dm =

∂δUdm

∂δσ
= −

∫
Ωi

∇u(Id) · ∇u(Im)dA (8)
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Η ευαισθησία αυτή υπολογίζεται για όλους τους χρησιμοποιούμενους συνδυασμούς ζευγών ηλεκτρο
δίων ρεύματοςτάσης (συνήθως τετραπολικές μετρήσειςtetrapolar measurements). Έτσι, συμπληρώνε
ται ο Ιακωβιανός πίνακας J (Jacobian matrix). Με χρήση του J μπορεί να ακολουθηθεί η παρακάτω
προσέγγιση για μικρές διαταρραχές της αγωγιμότητας (γύρω από μια τιμή σo)

δU =
∂δU

∂δσ
|σoδσ +O(∥δσ∥2) ≃ Jδσ (9)

Το αντίστροφο πρόβλημα (inverse problem) μπορεί να αποτυπωθεί πρωτογενώς σαν ένα πρόβλημα
εύρεσης της βέλτιστης κατανομής αγωγιμότητας ούτως ώστε οι υπολογισθείσες τάσεις δU ∈ RNh στα
ηλεκτρόδια μέσω της εξίσωσης της ασθενούς μορφής (7) να έχουν την ελάχιστη απόκλιση από τις μετρη
θήσες δV ∈ RNh. Αν θεωρήσουμε ότι το μοντέλο παρουσιάζει Γκαουσιανό θόρυβο μηδενικής μέσης
τιμής en (Gaussian noise), τότε μπορούμε να γράψουμε την ακόλουθη έκφραση:

δV = δU + en (10)

Λόγω της ασθενούς ορισμένης φύσης του προβλήματος (illconditioned), θεωρούμε ένα πρόβλημα
ελαχιστοποίησης (minimization problem) με έναν όρο ελαχίστων τετραγώνων για τις τάσεις και έναν (ή
περισσότερους) όρους κανονικοποίησης (penalty or regulariztion terms P ):

F (δσ) = ∥Jδσ − δV ∥2W + λ2P (δσ). (11)

Όπου W ∈ RNh είναι ένας διαγώνιος πίνακας που καθορίζει το βάρος κάθε μέτρησης και h ο
αριθμός των διαφορικών μετρήσεων που λαμβάνεται για κάθε ζεύγος ηλεκτροδίων έκχυσης ρεύματος.
Ο όρος κανονικοποίησης P μπορεί να εκφράζει μια L2 ή μια L1 νόρμα.

Οι συχνότερες φόρμουλες που χρησιμοποιούνται με L2 νόρμα είναι η κανονικοποίηση Tikhonov, με
μοναδιαίο πίνακα ή με διακριτά φίλτρα τύπου Laplace, NOSER ή Γκαους (Gaussian highpass filter).
Τότε έχουμε

P (δσ) = ∥δσ∥2Q (12)

Όπου Q ∈ RL×L είναι ο πίνακας διακριτού φίλτρου (prior matrix) και L τα διακριτά χωρία στα οποία
χωρίζεται ο χώρος Ω. Η λύση που δίνεται είναι κλειστού τύπου (closed form solution):

δσ∗ =
(
JTWJ + λ2Q

)−1
JTWδV (13)

Η προσθήκη όρων L2 νόρμας βελτιώνουν σημαντικά την ασθενώς ορισμένη φύση του προβλήματος,
ωστόσο προσδίδει υπερβολική ομαλότητα (smoothness) στην εκτιμηθείσα κατανομή των αγωγιμοτήτων
(estimated conductivity distribution), μειώνοντας τη χωρική ανάλυση (spatial resolution). Επιπλέον, η
μη γραμμικότητα (nonlinearity) του προβλήματος που δυσχαιρένει όταν παρουσιάζονται εντονότερες
μεταβολές στην αγωγιμότητα, επιβάλλει ορισμένες φορές τη χρήση επαναληπτικού σχήματος (iterative
scheme) για το αντίστροφο πρόβλημα βελτιστοποίησης (11). Αυτό επιτυγχάνεται μέσω πολλαπλών ε
πιλύσεων του ορθού και του αντιστρόφου προβλήματος, με νέες εκτιμήσεις της αγωγιμότητας και του
πεδίου σε κάθε επανάληψη. Για το σκοπό αυτό μπορεί να χρησιμοποιηθεί η μέθοδος GaussNewton (ή
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NewtonRaphson) ή η μέθοδος Landweber. Είναι γεγονός ότι η επαναληπτικότητα αυτή αυξάνει σημα
ντικά τη συνολική πολυπλοκότητα (complexity) του προβλήματος, επηρρεάζοντας τους χρόνους εκτέλε
σης. Η επίδραση σε εφαρμογές που απαιτούν απεικόνιση συνεχούς χρόνου, όπως η παρακολούθηση της
αναπνοής, είναι σημαντική.

Πέρα από τις φόρμουλες που χρησιμοποιούν L2 νόρμες, συχνά χρησιμοποιούνται φόρμουλες με L1

νόρμες, γνωστές ως μέθοδος των ολικών μεταβολών (Total VariationTV). Στην περίπτωση αυτή ισχύει

P (δσ) = ∥δσ∥1 (14)

όπου η διαδικασία της ελαχιστοποίησης του (11) είναι πλήρως μη γραμμική και απαιτεί επαναλήψεις
(iterations). Η αντιμετώπιση αυτή προσφέρει τη δυνατότητα απεικόνισης εντονότερων μεταβολών της
αγωγιμότητας (steep conductivity changes) μεταξύ των περιοχών του χωρίου. Δημοφιλείς μέθοδοι TV
είναι η PrimalDual Interior Point (PDIPM), η Bregman distance, καθώς και υβριδικές μέθοδοι που εν
δεχομένως να χρησιμοποιούν τόσο L1 όσο L2 όρους στην (11). Παρά την πρόοδο των τελευταίων ετών,
βασικό μειονέκτημα των μεθόδων αυτών είναι η αυξημένη πολυπλοκότητα (complexity) καθώς και το
συχνά μεγάλό πλήθος παραμέτρων που απαιτούν καθορισμό, μέσω μη προφανών διαδικασιών. Περισσό
τερες λεπτομέρειες σχετικά με τις εν λόγω μεθόδους παρατίθενται στα κύρια κεφάλαια της διδακτορικής
διατριβής.

Αξίζει να σημειωθεί ότι την τελευταία τριετία έχει αρχίσει να μελετάται η εφαρμογή μεθόδων μάθη
σης (learning approaches) στο EIT, κάτι το οποίο αναμένεται να πάρει σημαντικές διαστάσεις με την α
νάπτυξη τηςΜηχανικήςΜάθησης (Machine Learning). Οι βασικότεροι άξονεςπροσεγγίσεις στους οποί
ους έχουν μελετηθεί οι εν λόγω μέθοδοι είναι οι Μέθοδοι ΣτατιστικήςΜπαεζιανής Μάθησης (Statistical
Bayesian LearningSBL) καθώς και Μέθοδοι Βαθιάς Μάθησης (Deep LearningDL) που χρησιμοποιούν
Συνελικτικά Νευρωνικά Δίκτυα (Convolutional Neural NetworksCNN).

Πέρα από τις μεθόδους εκτίμησης της κατανομής αγωγιμότητας που αναφέρθηκαν, τα τελευταία
χρόνια έχουν μελετηθεί και ορισμένες μέθοδοι ανακατασκευής των σχημάτων των διαταρραχών της
αγωγιμότητας σε ένα σώμα. Οι μέθοδοι αυτές καλούνται Μέθοδοι Ανακατασκευής Σχήματος (Shape
Reconstruction). Βασικό τους χαρακτηριστικό είναι η χρήση περιοριστικών όρων στην (11) που αφορούν
αποκλειστικά τα σχήματασύνορα των διαταρραχών (inclusions). Οι μέθοδοι αυτές επιτυγχάνουν αξιόλο
γα αποτελέσματα στην ανίχνευση των σχημάτων, ωστόσο απαιτούν πρότερη γνώση (apriori knowledge)
του πλήθους και της τάξης μεγέθους και θέσης της έκτασης των εξεταζόμενων διαταρραχών.

Στην παρούσα διατριβή, αναπτύσσεται μια νέα μέθοδος κατάστρωσης του προβλήματος απεικόνι
σης, με τη χρήση συναρτήσεων Green (Green’s functions) και τροποποιημένες Γκαουσιανές συναρτή
σεις (Modified Gaussian functions or Radial Basis functionsRBFs). Η αντιμετώπιση αυτή βασίζεται στη
Μέθοδο των Στιγμών (Method of MomentsMoM).

Θεωρώντας το μοντέλο PEM (ωστόσο μπορεί να γίνει επέκταση και στο CEM) και την εξίσωση (2),
και θεωρώντας μη ασυνεχείς μεταβολές της αγωγιμότητας και μια σταθερή αγωγιμότητα κοντά στην
περιοχή των ηλεκτροδίων, μπορεί να χρησιμοποιηθεί το θεώρημα του Green (Green’s Second Identity)
για να γράψουμε την ακόλουθη ολοκληρωτική μορφή:



17

u(r; r+, r−)=

∫
Ω
G(r, r′)∇

(
lnσ(r′)

)
·∇uo(r′; r+, r−)dA+ uo(r; r+, r−) (15)

Όπου με G(r, r′) υποδηλώνεται η συνάρτηση Green μεταξύ ενός σημείου παρατήρησης (observation
point) r και σημείου πηγής (source point) r′. Επιπλέον, οι μεταβλητές r+, r− υποδηλώνουν τις συντε
ταγμένες των ηλεκτροδίων από όπου εισέρχεται και εξέρχεται το ρεύμα αντίστοιχα (source and sink).
Έπειτα, εκφράζουμε το λογάριθμο της ειδικής αγωγιμότητας ως εξής:

lnσ(r′) , ln(σo) +
L∑

j=1

cjθ(r
′, rj) (16)

Η συνάρτηση βάσης RBF επιλέγεται ως ακολούθως:

θ(r′, rj) , exp

(
−
∥r′ − rj∥p1/p2p1

2D2

)
(17)

όπου η μεταβλητήD υποδηλώνει το εύρος της συνάρτησης.

Διακριτοποιώντας την ολοκληρωτική εξίσωση (15) και αντικαθιστώντας το λογάριθμο της αγωγιμό
τητας με την έκφραση (16), και λαμβάνοντας τις διαφορικές μετρήσεις των ηλεκτροδίων, ανάλογα με τη
στρατηγική μέτρησης που ακολουθείται, οδηγούμαστε στο ακόλουθο σύστημα γραμμικών εξισώσεων
(linear equation system)

Moc = δU . (18)

όπουMo ∈ RNh×L είναι ο πίνακας του συστήματος, c = [cj ]
L
j=1 ∈ RL×1 είναι ο πίνακας των (αγνώ

στων) συντελεστών της (16) και δU ∈ RNh×1 είναι οι πεδιακά υπολογισμένες τάσεις των ηλεκτροδίων.
Ακολουθώντας το μοντέλο μέτρησης που περιγράφεται από την σχέση (10), θεωρούμε το ακόλουθο πρό
βλημα βελτιστοποίησης

F (c) = ∥Moc− δV ∥2W + λ2P (c). (19)

Το πρόβλημα αυτό μπορεί να επιλυθεί με τη μέθοδο GaussNewton ή TV, αναλόγως αν θα επιλεχθεί
όρος κανονικοποίησης P (c) l2 ή l1 νόρμας. Ωστόσο, σε αντίθεση με την ασθενή μορφή που ακολουθεί
ται κατά την εφαρμογή της Μεθόδου των Πεπερασμένων Στοιχείων (FEM), η ολοκληρωτική μορφή (15)
ισχύει για σημαντικά μεγαλύτερο εύρος διαταρραχών της αγωγιμότητας γύρω από το σημείο αναφοράς
γραμμικοποίησης (linearization point) σo. Αυτό μειώνει σημαντικά τη μη γραμμικότητα (nonlinearity)
του προβλήματος με αποτέλεσμα να απαιτείται μόνο μια επανάληψη (iteration) για τη σύγκλιση όταν
χρησιμοποιείται κανονικοποίηση (regularization) τύπου νόρμας L2. Παράλληλα, ο αριθμός των επανα
λήψεων που απαιτούνται όταν επιλέγεται κανονικοποίηση με νόρμα τύπο L1 (TV) είναι αισθητά μειω
μένος σε σχέση με τη συμβατική μέθοδο.

Η μέθοδος αυτή, που περιγράφεται αναλυτικότερα εντός της παρούσας διατριβής, αποδεικνύεται τα
χεία και αποδοτική (efficient). Προσομοιώσεις έχουν πραγματοποιηθεί σε κυκλινδρικά μοντέλα τόσο για
διδιάστατη, όσο και για τρισδιάστατη απεικόνιση. Επίσης δοκιμάζεται σε πραγματικές μετρήσεις που έ
χουν πραγματοποιηθεί σε κυλινδρικές διατάξεις που περιλαμβάνουν αλατόνερο, καθώς και μεταλλικά και
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πλαστικά δοκίμια στο εσωτερικό τους, ως διαταρραχές της αγωγιμότητας. Τέλος η μέθοδος δοκιμάζεται
και σε κλινικές συνθήκες (invivo), με την απεικόνιση ενός πλήρους αναπνευστικού κύκλου ασθενούς.

Συστήματα Κυκλωμάτων Τομογραφικής Απεικόνισης Ηλεκτρικής Εμπέδησης
Η ευαισθησία της εικόνας που παράγεται κατά την Ηλεκτρική Τομογραφία Σύνθετης Εμπέδησης (EIT)
στο θόρυβο και γενικότερα σε οποιεσδήποτε διαταρραχές του σήματος, καταδεικνύουν τη βαρύτητα που
έχει ο σχεδιασμός ενός συστήματος EIT με προδιαγραφές οι οποίες να περιορίζουν στο ελάχιστο τις
διαταρραχές αυτές.

Ένα κυκλωματικό σύστημα EIT γενικά περιλαμβάνει το κύκλωμα διέγερσης (όπου παράγεται το
ρεύμα που εισέρχεται στο σώμα προς εξέταση), τα ηλεκτρόδια, το κύκλωμα λήψης μετρήσεων (διαφορι
κών τάσεων μεταξύ των ηλεκτροδίων) και έναν ψηφιακό έλεγχο (digital control). Φυσικά, κατά τη διάρ
κεια των τεσσάρων περίπου δεκαετιών έρευνας της μεθόδου, αναπτύχθηκε μεγάλο πλήθος διαφορετικών
τοπολογιώναρχιτεκτονικών καθώς και μεθόδων λήψηςεπεξεργασίας σήματος τόσο στο αναλογικό όσο
και στο ψηφιακό κομμάτι.

Στον τομέα της έρευνας τα γνωστότερα συστήματα γενικής χρήσης που αναπτύχθηκαν είναι το
Sheffield MK (v1 1987, v3.5 2001), το ACT 3 και ACT 4 (1994, 2005) και το KHU Mark 2.5 (2014).
Για τον εντοπισμό κακοηθών όγκων στο μαστό αναπτύχθηκε το σύστημα του πανεπιστημίου Dartmouth
(1998, 2001, 2008), ενώ για την απεικόνιση θώρακα συνεχούς χρόνου το Swisstom (2012) και το ACE1
(2019). Επιπλέον, συστήματα για την απεικόνιση του εγκεφάλου με σκοπό την ανίχνευση και παρακο
λούθηση ισχαιμικών επεισοδίων ή και της λειτουργία του εγκεφάλου (σε συνδυασμό με EEG) έχουν
αναπτυχθεί από ρο Fourth Military Medical University της Κίνας καθώς και από το UCL του Λονδίνου.
Πρόσφατα επίσης αναπτύχθηκαν ολοκληρωμένα κυκλώματα ειδικά προσανατολισμένα σε εφαρμογές
της τομογραφικής απεικόνισης ηλεκτρικής εμπέδησης. Συγκεκριμένα, το πανεπιστήμιο του Dartmouth
έχει αναπτύξει ολοκληρωμένο κύκλωμα λήψης μετρήσεων στοχευμένο στην ανίχνευση καρκινικών ό
γκων του προστάτη (2020), ενώ το UCL έχει αναπτύξει ολοκληρωμένο κύκλωμα διέγερσης και λήψης
σήματος με σκοπό την θωρακική απεικόνιση υψηλής ταχύτητας (100fps) (CRADL project 20182020).

Στα περισσότερα συστήματα που έχουν αναπτυχθεί το κύκλωμα διέγερσης αποτελείται κυρίως από
ένα στάδιο ενίσχυσης και έναν μετατροπέα τάσης σε ρεύμα (πηγή ρεύματοςcurrent source ή Voltage
Controlled Current SourceVCCS). Οι μετατροπείς αυτοί υλοποιούνται είτε με διακριτά εξαρτήματα
(Howland Current Source με τελεστικούς ενισχυτέςOpamps), είτε σε επίπεδο ολοκληρωμένου κυκλώ
ματος (συνήθως με ενισχυτές διαγωγιμότηταςOperational Transconductance AmplifierOTA). Τα επι
θυμητά χαρακτηριστικά (desired specifications) μιας πηγής ρεύματος είναι η χαμηλή αντίσταση εξόδου,
το μεγάλο γραμμικό εύρος λειτουργίας, η αποφυγή κοινών σημάτων (common signals) και ο χαμηλός
θόρυβος.

Το σήμα εισόδου του κυκλώματος διέγερσης συνήθως παράγεται ψηφιακά μέσω ενός Direct Digital
Synthesizer (DDS) που μετατρέπεται σε αναλογικό σήμα μέσω ενός DigitaltoAnalog Converter (DAC).
Είναι αρκετά σημαντικό το παραγόμενο σήμα εισόδου να έχει ικανοποιητική ανάλυση και χαμηλό κβαντι
κό θόρυβο (quantization noise). Επίσης, θα πρέπει να παράγονται οι επιθυμητές συχνότητες του σήματος
διέγερσης, οι οποίες εξαρτώνται από το είδος της εφαρμογής.



19

Το ρεύμα εξόδου του κυκλώματος διέγερσης οδηγείται προς τα ηλεκτρόδια που βρίσκονται σε επαφή
με την επιφάνεια του σώματος που εξετάζεται. Τα ηλεκτρόδια στα οποία θα οδηγηθεί το ρεύμα επιλέ
γονται συνήθως με ένα σύστημα διακοπτών/ πολυπλεκτών (multiplexers) που ελέγχονται ψηφιακά. Τα
ηλεκτρόδια αυτά σε κάποιες διατάξεις βρίσκονται σε πολύ μικρή απόσταση από το κύκλωμα διέγερσης
ή το κύκλωμα λήψης (ή και τα δυο) (ενεργό ηλεκτρόδιοactive electrode) ή σε μεγαλύτερη απόσταση
(παθητικό ηλεκτρόδιοpassive electrode).

Το κύκλωμα λήψης (analog readout frontend) ή διαφορετικά κύκλωμα μέτρησης οδηγεί τα διαφο
ρικά σήματα τάσεων μεταξύ των ηλεκτροδίων στο δειγματολήπτη (AnalogtoDigital ConverterADC),
μέσω διαδοχικών σταδίων ενίσχυσης (amplification) και φιλτραρίσματος (filtering). Τα σήματα τάσης
μεταξύ των ηλεκτροδίων χαρακτηρίζονται από μικρό πλάτος (της τάξης των µV −mV ), το οποίο όσο
απομακρυνόμαστε από τα ηλεκτρόδια διέγερσης μειώνεται. Επομένως το πλάτος ακολουθεί ένα μεγάλο
εύρος σε μικρής τάξης τιμές, με αποτέλεσμα ο τυχόν θόρυβος να το παραμορφώνει σημαντικά.

Τα σήματα τάσεων των ηλεκτροδίων διακρίνονται από μεγάλο κοινό σήμα (common signal), που
δημιουργείται λόγω των αναντιστοιχιών μεταξύ των καναλιών μέτρησης (channel missmatches) καθώς
και των αντιστάσεων επαφών των ηλεκτροδίων (contact impedances). Το φαινόμενο είναι ακόμα εντο
νότερο σε εφαρμογές όπου η επιφάνεια στην οποία τοποθετούνται τα ηλεκτρόδια είναι σκληρή και μη
αγώγιμη (απεικόνιση εγκεφάλου), καθώς οι αντιστάσεις επαφών ηλεκτροδίωνεπιφάνειας είναι μεγάλες.
Το κοινό σήμα είναι μια από τις βασικότερες αιτίες προβλημάτων στην απεικόνιση ΕΙΤ, καθώς μπορεί να
ενισχυθεί μαζί με το διαφορικό, παραμορφώνοντας το σήμα τάσης. Για την αντιμετώπισή του, χρησιμο
ποιείται μια βαθμίδα ενισχυτή οργάνου (instrumentation amplifier) που να χαρακτηρίζεται από μεγάλο
λόγο απόρριψης κοινού σήματος (CommonMode Rejection RatioCMRR) σε όσο το δυνατό μεγαλύτερο
εύρος συχνοτήτων (frequency range).

Οι ενισχυτικές βαθμίδες του κυκλώματος λήψης έχουν σαν σκοπό να ενισχύσουν το σήμα που λαμ
βάνεται από τα ηλεκτρόδια τόσο ώστε να αξιοποιηθεί το μέγιστο δυνατό δυναμικό εύρος του ADC. Με
τον τρόπο αυτό θα λαμβάνεται η μέγιστη δυνατή ανάλυση στο σήμα (maximum resolution). Δεδομένου
του μεγάλου εύρους του πλάτους των σημάτων, η χρήση ενός ή περισσότερων ενισχυτών προγραμματι
ζόμενου κέρδους (Programmable Gain AmplifiersPGAs) παρουσιάζεται σε μεγάλο αριθμό συστημάτων
ΕΙΤ.

Τα σήματα τάσης χαρακτηρίζονται επίσης από θόρυβο και η επίδρασή του όσο μικραίνει το πλά
τος τους είναι όλο και πιο καταλυτική. Οι ενισχυτικές βαθμίδες, συμπεριλαμβανομένου του ενισχυτή
οργάνου(instrumentation amplifier), τυχόν απομονωτών (buffers), τελεστικών ενισχυτών (Opamps) και
PGA ενισχύουν και το θόρυβο παράλληλα με το σήμα, ενώ από μόνες τους προσθέτουν θόρυβο από
σβεσης (flicker noise1/f ). Έτσι μετά την τελευταία ενισχυτική βαθμίδα το σήμα έχει επιβαρυνθεί ση
μαντικά από άποψη θορύβου. Ο θόρυβος μπορεί να μειωθεί με τη χρήση αναλογικών ζωνοπερατών φίλ
τρων, ωστόσο, η βασικότερη μέθοδος αποθορυβοποίησης σε ένα σύστημα ΕΙΤ είναι η αποδιαμόρφωση
(demodulation).

Η αποδιαμόρφωση (demodulation), είναι μια σημαντική διαδικασία που σκοπό έχει πέρα από την
ελαχιστοποίηση του θορύβου, τον εντοπισμό του πλάτους και της φάσης του σήματος προς μέτρηση.
Ο πιο χαρακτηριστικός τύπος αποδιαμόρφωσης είναι η In phaseQuadrature (IQ) αποδιαμόρφωση (IQ
demodulation). Αυτή επιτυγχάνεται με τον πολλαπλασιασμό του σήματος τάσης με το σήμα διέγερσης
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και το σήμα διέγερσης μετατοπισμένο κατά 90 μοίρες. Τα γινόμενα των παραπάνω σημάτων διέρχο
νται από 2 αντιστοιχισμένα χαμηλοπερατά φίλτραολοκληρωτές (matched lowpass filters, integrators),
ενώ σαν αποτέλεσμα λαμβάνονται 2 DC σήματα που αντιπροσωπεύουν το In Phase και το Quadrature
στοιχείο του σήματος αντίστοιχα. Οι τιμές των σημάτων I,Q στέλνονται στον υπολογιστή ως στοιχεία
που χαρακτηρίζουν την τάση στο κανάλι ηλεκτροδίων που πραγματοποιείται η μέτρηση τη δεδομένη
στιγμή. Η συλλογή ενός συνόλου I,Q τιμών που αντιστοιχούν σε όλους τους συνδυασμούς των ηλε
κτροδίων, δεδομένης της στρατηγικής μέτρησης (measurement pattern), μας δίνει ένα πλαίσιο μέτρησης
(measurement frame) που χρησιμοποιείται σαν πληροφορία (raw data) για την διαδικασία της απεικόνι
σης (image reconstruction).

Η διαδικασία της αποδιαμόρφωσης μπορεί να επιτευχθεί είτε με αναλογικό (analog demodulation),
είτε με ψηφιακό (digital demodulation) τρόπο. Στην πρώτη περίπτωση, οι πολλαπλασιασμοί και το φιλ
τράρισμα των σημάτων πραγματοποιούνται αναλογικά, ενώ έπεται η λήψη των I,Q σημάτων με χρήση
ADC, συνήθως τύπου ΣΔ (sigmadelta). Σύμφωνα με ορισμένες μελέτες (οι πηγές κατονομάζονται στο
κύριο μέρος της διατριβής), στην περίπτωση αυτή απαιτείται αναλογικό φίλτρο υψηλής τάξης (≥ 8)
αλλά και μεγαλύτερος ρυθμός λήψης (sampling rate) και ανάλυση (resolution bits) από τον ADC. Στην
περίπτωση του ψηφιακού IQ demodulation, το σήμα δειγματοληπτείται από έναν SAR ADC πριν από τη
διαδικασία της αποδιαμόρφωσης. Η περίπτωση αυτή είναι και η πιο συνηθισμένη καθώς οι απαιτήσεις
για τον ADC και το φίλτρο είναι χαμηλότερες, ωστόσο το σήμα διέγερσης και το σήμα λήψης θα πρέπει
να είναι μόνιμα συγχρονισμένα μέσω του ψηφιακού ελέγχου.

Σύμφωνα με τη βιβλιογραφία, ο σηματοθορυβικός λόγος (SignaltoNoise RatioSNR) του πλάτους
(amplitude) και της φάσης (phase) του τελικού σήματος στην περίπτωση της αναλογικής αποδιαμόρφω
σης, μπορεί να προσσεγγιστεί σύμφωνα με τις ακόλουθες εκφράσεις

SNRA = 10 log10

[
A2

LSB2

12 + 2σ2n · N ·BWF
BWn

]
(20)

και

SNRϕ = 10 log10

[
A2ϕ2

LSB2

12 + 2σ2n · N ·BWF
BWn

]
(21)

όπου είναι το πλάτος του σήματος, LSB η τάση που αντιπροσωπεύεται από ένα bit (η ελάχιστη δυ
νατή τάση που μπορεί να ανιχνευτεί κατά τη δειγματοληψία), σn ο Γκαουσιανός θόρυβος του σήματος
τάσης στην αρχή της αλυσίδας του κυκλώματος λήψης, N ο αριθμός των δειγμάτων (samplestaps) που
δειγματοληπτείται ανά κανάλι μέτρησης, BWn το εύρος ζώνης θορύβου (equivalent noise bandwidth)
που οφείλεται στο filtering effect των ενισχυτών της αλυσίδας και BWF το εύρος ζώνης θορύβου του
αναλογικού φίλτρου.

Αντίστοιχα, στην περίπτωση της ψηφιακής αποδιαμόρφωσης έχουμε τις ακόλουθες εκφράσεις για το
SNR

SNRA = 10 log10

[
A2N

2
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]
(22)
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και

SNRϕ = 10 log10

[
A2N

2 ϕ
2
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12 + σ2n

]
(23)

Το ψηφιακό μέρος μιας υλοποίησης ΕΙΤ είναι απαραίτητο για την παραγωγή και τον έλεγχο του σήμα
τος διέγερσης (DDSDAC), τον προγραμματισμό και τον έλεγχο του ADC, την επιλογή των καναλιών
των ηλεκτροδίων στα οποία θα περνάει το ρεύμα διέγερσης ή θα μετράται η τάση μέσω των πολυπλε
κτών (multiplexers), την επιλογή του κέρδους των PGAs, καθώς και το συγχρονισμό των διαδικασιών
αυτών. Μπορεί να υλοποιηθεί είτε σε μικροελεκτή (Microcontroller Processing UnitMCU) είτε σε Field
Programmable Gate Array (FPGA), ανάλογα με τις απαιτήσεις τους συστήματος.

Προηγουμένως έγινε μια συντομευμένη αναφορά στις αλγοριθμικές προσεγγίσεις που ακολουθού
νται για την ανακατασκευή της εικόνας EIT. Η ποιοτική και τελική αξιολόγησή των μεθόδων πραγματο
ποιείται εν μέσω πειραμάτων με χρήση του υλικού (experimental validation). Ωστόσο, η αποκλειστική
επαλήθευση και αξιολόγηση των αλγορίθμων μέσω του πειραματικού μέρους είναι ιδιαίτερα δαπανηρή,
δεν προσφέρει καμία δυνατότητα ποσοτικής εκτίμησης της επίδοσης της απεικόνισης, ειδικά σε πραγ
ματικές (π.χ. ιατρικές) εφαρμογές. Γι αυτό το λόγο το πρώτο στάδιο της επαλήθευσης περιλαμβάνει η
λεκτρομαγνητική προσομοίωση του μοντέλου προς απεικόνιση, όπου γίνεται αριθμητικός υπολογισμός
των τάσεων των ηλεκτροδίων. Ωστόσο, το υλικό δεν συμπεριλαμβάνεται στις προσομοιώσεις αυτού του
τύπου. Αντί αυτού, για να επαληθευτεί η αντοχή/συμπεριφορά μιας μεθόδου ανακατασκευής εικόνας
στις διαταρραχές του σήματος, συνήθως προστίθεται ένας ”τεχνητός” λευκός θόρυβος στις μετρήσεις
που έχουν προσομοιωθεί. Αυτό όμως, δεν αντικατοπτρίζει όλες τις διαταρραχές που παρουσιάζονται στα
σήματα μέτρησης, όπως το κοινό σήμα ή πιθανές αποσυνδέσεις ηλεκτροδίων. Έτσι, οδηγούμαστε στην
αναγκαιότητα συνυπολογισμού των παραμέτρων του υλικού στην ποιότητα των μετρήσεων και κατ’ ε
πέκταση της εξαγόμενης εικόνας.

Στην παρούσα διατριβή πραγματοποιείται μια εκτεταμένη προσέγγιση προσομοίωσης του υλικού
(hardware), συμπεριλαμβανομένου του αναλογικού μέρους, του ψηφιακού μέρους καθώς και ισοδυνά
μων πολύθυρων κυκλωμάτων του σώματος προς εξέταση (Subject Under TestSUT). Για τις προσομοιώ
σεις χρησιμοποιούνται το πρόγραμμα LT SPICE (Analog Devices) και το MATLAB (Mathworks). Κατά
την προσέγγιση αυτή εξετάζεται η επίδραση διαφόρων παραμέτρων του υλικού στην ποιότητα της απει
κόνισης. Τέτοιες παράμετροι αποτελούν ο παραγόμενος θόρυβος, τα χαρακτηριστικά των ηλεκτροδίων
(αντιστάσεις και επιφάνεια επαφής), το κοινό σήμα, η ανάλυση σε bit και η ταχύτητα δειγματοληψίας
του ADC καθώς και τα χαρακτηριστικά του σώματος προς εξέταση.

Βασικό επίσης χαρακτηριστικό της προσέγγισης αυτής είναι ότι οι προσομοιώσεις του αναλογικού
μέρους πραγματοποιούνται στο πεδίο του χρόνου (transient), λαμβάνοντας υπόψη μεταβατικά φαινόμενα
λόγω των ανοιγοκλεισίματος των διακοπτών για την επιλογή των ηλεκτροδίων. Οι χρονικές αποκρίσεις
μεταφέρονται στο MATLAB όπου προσομοιώνεται όλο το ψηφιακό κομμάτι και η πραγματοποιείται η
διαδικασία της απεικόνισης.

Στο αναλογικό τμήμα γίνεται μια συνοπτική σύγκριση της επίδρασης των πηγών ρεύματος διέγερ
σης με μικρή και με μεγαλύτερη αντίσταση εξόδου στην ποιότητα της απεικόνισης. Επίσης εξετάζεται
η παράμετρος του μεγέθους των ηλεκτροδίων, της αντίστασης επαφής τους, και η επίδραση τυχόν απο
σύνδεσής τους στην απεικόνιση.
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Το ισοδύναμο κύκλωμα του σώματος προς εξέταση σχηματίζεται με χρήση ενός μαθηματικού μο
ντέλου που περιγράφεται εκτενώς στο κύριο μέρος της διατριβής. Εξετάζονται αρχικά διδιάστατες δια
τάξεις, στη συνέχεια κυλινδρικές διατάξεις και τέλος εφαρμογές σε θωρακικά μοντέλα. Στα τελευταία,
αναπτύσσεται μια μέθοδος ποσοτικής αξιολόγησης της εικόνας στις περιπτώσεις που το μοντέλο προ
σομοίωσης των μετρήσεων έχει διαφορετική (και στην πραγματικότητα άγνωστη) γεωμετρία (boundary
missmatches) σε σχέση με τη γεωμετρία στην οποία πραγματοποιείται η απεικόνιση. Επιπλέον, στην προ
σομοίωση των θωρακικών μοντέλων εξετάζεται και ο τύπος των ηλεκτροδίων με κριτήριο την απόστασή
τους από το υπόλοιπο κύκλωμα (παθητικάpassive, ενεργάactive).

Στο ψηφιακό μέρος που πραγματοποιείται στο MATLAB, προσομοιώνεται η διαδικασία της δειγμα
τοληψίας (sampling) (μέσω μιας μαθηματικής διαδικασίας επιλογής πλησιέστερων χρονικών σημείων),
της κβαντοποίησης (quantization) και της ψηφιακής αποδιαμόρφωσης (digital demodulation) των σημά
των. Οι παράμετροι που αλλάζουν ώστε να εξεταστεί η επίδρασή τους στην απεικόνιση είναι η ανάλυση
του ADC (resolution), ο ρυθμός δειγματοληψίας (sampling rate) και ο συνολικός αριθμός των δειγμάτων
που εξετάζονται σε κάθε μέτρηση καναλιού (filter taps).

Το πλεονέκτημα της χρήσης των ενεργών ηλεκτροδίων σε σχέση με τις κλασικές διατάξεις που χρησι
μοποιούν παθητικά ηλεκτρόδια είναι ότι περιορίζονται οι παρασιτικές χωρητικότητες (strain capacitances)
των καναλιών που περιορίζουν την αντίσταση εξόδου των πηγών ρεύματος, δημιουργούν κοινά σήματα
στα κανάλια μέτρησης τάσης και μειώνουν το εύρος συχνοτήτων λειτουργίας του συστήματος. Ωστόσο,
η χρήση πολλαπλών ενεργών ολοκληρωμένων κυκλωμάτων για την υλοποίηση των πηγών ρεύματος και
των ενισχυτών οργάνου, αυξάνει σημαντικά την κατανάλωση ισχύος του συστήματος. Παράλληλα, ιδιαί
τερη προσοχή πρέπει να επιδειχθεί στο ζήτημα των αναντιστοιχιών μεταξύ των πηγών ρεύματος (source
και sink), το οποίο μπορεί επίσης να προκαλέσει τη δημιουργία κοινού σήματος. Τα ζητήματα αυτά εί
ναι αντικείμενα έρευνας στο χώρο της βελτίωσης των συστημάτων Ηλεκτρικής Τομογραφίας Σύνθετης
Εμπέδησης.

Δομή της Διδακτορικής Διατριβής
Η δομή της παρούσας διδακτορικής διατριβής είναι η ακόλουθη. Αρχικά, πραγματοποιείται μια γενική
εισαγωγή στην ιστορία, τα πλεονεκτήματα και τα μειονεκτήματα της μεθόδου, καθώς και μια αναφορά
σε βασικές εφαρμογές τόσο στον ιατρικό όσο και σε άλλους κλάδους. Το δεύτερο κεφάλαιο αναφέρε
ται αναλυτικά στη μαθηματική διατύπωση του προβλήματος απεικόνισης καθώς και τις μεθόδους που
ακολουθούνται από τη βιβλιογραφία για την επίλυσή του. Το τρίτο κεφάλαιο αναφέρεται σε μια μέθο
δο απεικόνισης που αναπτύσσεται στα πλαίσια της διατριβής και χρησιμοποιεί τη Μέθοδο των Στιγμών
(Method of Moments) με χρήση τροποποιημένων Γκαουσιανών συναρτήσεων. Το τέταρτο κεφάλαιο α
ναφέρεται στην εφαρμογή του παραπάνω μεθόδου με έναΜπαεζυανό αλγόριθμο μηχανικής μάθησης, σε
απεικόνιση θώρακα, όπου πραγματοποιείται ποιοτική, ποσοτική αξιολόγηση βάσει συγκεκριμένων δει
κτών αλλά και σύγκρισή της με τις υπόλοιπες μεθόδους. Το πέμπτο κεφάλαιο περιγράφει αναλυτικά τις
μεθόδους και τοπολογίες σχεδιασμού του υλικού των συστημάτων Ηλεκτρικής Τομογραφία Σύνθετης Ε
μπέδησης που αναπτύσσονται στη βιβλιογραφία. Στο έκτο κεφάλαιο παρουσιάζεται μια νέα προσέγγιση
προσομοίωσης με στόχο την εκτίμηση της επίδοσης και το σχεδιασμό των συστημάτων που υλοποιούν
Ηλεκτρική Τομογραφία Σύνθετης Εμπέδησης. Εξετάζονται εφαρμογές σε τριδιάστατα κυλινδρικά και
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θωρακικά μοντέλα. Στο έβδομο κεφάλαιο παρατίθεται το περιεχόμενο τριών εργασιών που αφορούν
σε διάφορα θέματα μοντελοποίησης (παραμετρική μοντελοποίηση ενός διδιάστατου μοντέλου θώρακα
πραγματικού χρόνου, μοντελοποίηση της επαφής δέρματοςηλεκτροδίου σε τετραπολική μέτρηση και
μοντελοποίηση πνευμονικού ιστού με χρήση ColeCole σε αναλογικό κύκλωμα, με στόχο το διαχωρισμό
υγειών και καρκινικών όγκων). Στο όγδοο κεφάλαιο, γίνεται η αποτίμηση της διεξαχθείσας έρευνας και η
σύνοψη των συμπερασμάτων της, ενώ στα παραρτήματα διατίθενται αναλυτικές μαθηματικές αποδείξεις
καθώς τμήματα του κώδικα MATLAB που χρησιμοποιήθηκε για την εξαγωγή των αποτελεσμάτων.
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1 Introduction

Electrical impedance tomography (EIT) is a continuously developing imaging modality that provides
an image of the relative conductivity distribution of the application domain. In EIT, a small amplitude
(0.1 − 6 mA) alternating current spanning a frequency range of 1 kHz1 MHz is injected in the subject
under test (SUT) through a cluster of electrodes. The electrodes are usually attached on the SUT surface,
while the exact current and frequency values depend on the application. At the same time, voltages are
measured between a specific combination of electrode pairs, depending on the measurement strategy
adopted. The voltage data is then used for the image reconstruction process.

Although the concept of electrical resistivity tomography (ERT), which provides estimation for the
SUT electrical resistivity distribution, had been already researched and applied for the 1940s, EIT was
officialy first researched in 1978 by Henderson and Webster [1]. In this particular work, the authors at
tached a rectangular array of 100 electrodes on one side of the chest earthed with a single large electrode
on the other side. By applying voltage and measuring the output current, a transmission image of the tis
sues was produced. Since then, remarkable progress has been made in EIT research, in both the hardware
and the image reconstruction methods.

EIT finds wide application in the medical field, considering it as a medical imaging technique. Con
temporary medical applications of EIT include realtime breath and cardioventricular function display
[2], [3], [4], [5], [6], [7], [8], breast cancer detection [9], brain or neural activity imaging [10], [11], [12]
and skinrelevant disturbances investigation. EIT is also applicable to geology, nondestructive evalua
tion and industrial process tomography (nondestructive evaluation) [13, 14, 15, 16, 17]. In the industrial
field, a similar method is used, called electrical capacitance tomography (ECT) [18].

Contrary to other medical imaging techniques that employ harmful radiation or intense magnetic
fields (such as Computed TomographyCT and Magnetic Resonance TomographyMRI), in EIT is a ra
diation free technique which implies a low amplitude current within the patient safety standards. Further
more, EIT is lowcost; its hardware cost is about ten to hundred orders lower than a CTscanner’s and
has the prospect of portability and wearability. Another important advantage of EIT is that it offers the
capability of realtime imaging and continuous monitoring of a patient’s physiological conditions, since
the data collection and imaging speed can be optimized to sufficiently high levels. Some recent EIT hard
ware systems, applied mainly in dynamic lung imaging, have the capability to reconstruct over 50 image
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frames per second (fps) [19], [20], [21]. Hence, the method’s temporal resolution can be exceptionally
high, capturing some effects in real time that are difficult to be monitored with conventional imaging
modalities.

Despite the advantages above, EIT suffers from limited spatial resolution and high sensitivity to signal
noise and distortion. This effect is caused due to the highly illposed (underdetermined), illconditioned
and nonlinear nature of the EIT reconstruction problem. The illposed behavior of the problem is related
to the fact that the total number of independent measurements is lower than the unknown discretedomain
conductivities. In addition, the illconditioned behavior is caused by the softfield effect of the current
distribution.

During the last 3 decades, a lot of research has been performed in the following two directions. Firstly,
to design high performance, lownoise and low signal distortion EIT systems, and, secondly, to establish
and optimize noise robust reconstruction approaches, in order to improve the spatial resolution.

This thesis focuses on the research in both these directions. It introduces aMethodofMoment (MoM)
technique, where the logarithm of conductivity is expressed by Radial Basis functions (RBFs), in order
to decrease the nonlinearity effect in the image reconstruction. From simulations on 2D and 3D cases, as
well as experimental validation, it is shown that theMoMmethod leads to improved solution convergence.
In vivo results also show that MoM is efficient in realtime EIT imaging. Furthermore, MoM is combined
with a Sparse Bayesian Learning (SBL) approach to provide robustness to the inverse problem in noise.
The method is extensively tested on 3D thoracic structures both qualitatively and quantitatively and it
is shown to outperform the traditional and more advanced regularization based methods, as well as the
regularized MoM.

In addition, hardware design approaches are researched and an extensive simulation approach, com
bining EIT system analog and digital hardware as well as SUT equivalent circuits is proposed. A SPICE
MATLAB interface is established for the simulations, while the impact of many hardware configurations,
such as active/passive electrodes, electrode dimensions, signal frequency, AnalogtoDigital converter
resolution, sampling frequency and number of filter taps, on the imaging signal quality and imaging
performance has been examined. The potential advantages of an active electrode configuration are dis
cussed, including the elimination of signal distortion, caused by the stray capacitances and the channel
mismatches. The latter is crucial for an EIT system, since, unlike noise, distortion caused by common
signals cannot be filtered.

The remainder of this thesis is organized as follows. In chapter 2, a presentation of the EIT mathemat
ical principle and stateoftheart reconstruction approaches is performed. In chapter 3, a novel problem
formulation and efficient reconstruction approach, based on the Point matching Method of Moments
(MoM) is described and evaluated. In chapter 4, the Method of Moment presented in chapter 3, is com
bined with a Sparse Bayesian Learning approach to enhance robustness to the inverse problem, and eval
uated in dynamic thoracic imaging. Chapter 5 includes an extensive description of the stateoftheart
methodologies and topologies used in existing EIT hardware systems, either generic or application tar
geted. Chapter 6 presents a hardware simulation interface, which targets to the estimation of hardware’s
configurations impact on the signal and imaging performance. Chapter 7 includes content from 3 research
works related with miscellaneous modeling and simulation approaches, applications and considerations.
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In chapter 8, the conclusions of the conducted research are written. Finally, the appendices provide the
mathematical proofs as well as basic parts of the code used for the result extraction.
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2 Image Reconstruction
Approaches in Electrical
Impedance Tomography

This chapter performs an extensive description of the EIT mathematical formulation, as well as the
existing methods that treat the forward and the inverse reconstruction problem.

2.1 The EIT Problem

Assume a 2 or 3dimensional compact, Lipschitz domain Ω, where the image reconstruction takes
place. The boundary is attached with a number of N electrodes en, n = {1, ..., N}, and an alternating
current I is source and sinked via a pair of electrodes ek and el respectively. According to the Maxwell’s
electrostatic theory, the voltage u ⊆ H1(Ω) satisfies the Laplace equation:

∇ (γ(r)∇u(r)) = 0, r ∈ Ω (2.1)

where γ(r) ∈ C1 is the domain’s permittivity distribution. In the literature, instead of the permittivity γ,
only the conductivity σ is often considered, and (2.1) is written accordingly:

∇ (σ(r)∇u(r)) = 0, r ∈ Ω (2.2)

The exact form of the Neumann boundary conditions that formulate the problem (2.1) or (2.2) depend
on the electrode model adopted.

2.1.1 Electrode Models

A brief description of the electrode models [22], [23] that define the boundary conditions for the
LaplaceNeumann EIT problem is performed.

Point Electrode Model (PEM)

This is the simplest electrode model, which assumes dimensionless electrodes, expressed with dirac
delta functions. It is described by the following boundary condition [24]:

n · σ(r)∇u(r) = ΣN
l=1Ilδ(r − el), r ∈ ∂Ω (2.3)
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where n is the normalized outward pointing vector, I l is the total current injected (sourced or sinked) for
the lth electrode and el is the position vector of the lth electrode.

Continuum (Gap) Model

Assume a current injecting electrode ek, of an area A, located at an angle kθ = 2π/(N − 1). Then,
the current density on the electrode is given by [22]:

jk(θ) =
5 cos(kθ)

A
(2.4)

and the Neumann boundary condition which is applied in (2.2) is [22]:

σ(r)
∂u(r)

∂n
= jk(θ), r ∈ ∂Ω (2.5)

The GAP model was firstly researched for the circular domain case, where r = (r, θ), but since then it
has been extended to noncanonical geometry domains [25].

Discretization Effect

This model assumes the same boundary conditions as the GAP one, however the angle of each in
jecting electrode k ranges between a θ −∆θ/2 and a θ +∆θ/2 value. In the recent literature, the GAP
model often includes the discretization effect.

Perfectly Conducting (No Contact ImpedancePure Shunting)

This model assumes the following boundary conditions:

σ(r)
∂u(r)

∂n
= 0, r ∈ ∂Ω\

N⋃
l=1

el (2.6)

and ∫
el

σ(r)
∂u(r)

∂n
dS = Il, l = 1, ..., N (2.7)

It assumes that each electrode is a perfect conductor with zero contact impedance.
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Complete Electrode Model (CEM)

This model accounts for the electrode’s dimensions, shunt effect and conduct impedances. It implies
the following boundary conditions [23]:

u(r) + zlσ(r)
∂u(r)

∂n
= Ul, r ∈ el, l = 1, ..., N (2.8)∫

el

σ(r)
∂u(r)

∂n
dS = Il, l = 1, ..., N (2.9)

σ(r)
∂u(r)

∂n
= 0, r ∈ ∂Ω\

N⋃
l=1

el (2.10)

where zl refers to the lth electrode’s contact impedance and Ul to the lth electrode’s voltage. It is known
to be the most accurate model, which is essential to be applied in voltage measurement simulation cases
or in cases when the distance between the electrodes is comparable with their dimensions.

The EIT problem poses that for known boundary measurements and from (2.2) and the boundary
conditions, the Ω domain’s conductivity σ (or admittance γ) distribution has to be found. The problem
is divided in two main stages: the forward problem and the inverse one. Briefly, the forward problem
assumes a known conductivity distribution and the electric potential and field distributions are computed
from the Laplace Neumann equations in Ω. In the inverse problem, it is assumed that the potential and
field distributions in Ω are known, while we have to solve for the conductivity distribution.

2.1.2 EIT measurement patterns

Although different types of measuring techniques have been developed, the most conventionally used
is the current skipm, voltage skipn protocol [26]. In a N electrode EIT system, a bipolar AC current
source is applied to two electrodes with a gap ofm electrodes between them, while differential voltages
are acquired from two other electrodes, at a distance of n electrodes between each other (tetrapolar mea
surement). After the voltage measurements are taken, the bipolar source is shifted to the next electrode
pair and potentials are collected in a serial or parallel way. The process described above continues for all
N current electrode pairs and is briefly demontrated in Fig. 2.1.

For each current electrode pair injection, h = N−3 voltage measurements are acquired whenm = n

or h = N − 4, in casem ̸= n. Therefore, for all current source positions, a total number ofN ·h voltage
measurements is taken, which together create a single EIT measurement frame and are utilized in order
to extract a static image through an inverse reconstruction algorithm.

In the special case thatm = 0 and n = 0, the pattern is known as ”adjacent” or ”pairwise” [27], [28],
which is the first adopted and still widely used in practice, due to its relatively simple implementation and
that it provides a relatively high number of independent measurements (N(N − 3)/2). Another nonskip
type widely applicable current pattern is the trigonometric one [29], [30]. However, it has been shown
that the adjacent current pattern better tolerates any modeling errors [31]. Another study in 2005, showed
that the trigonometric current pattern belongs to a set of optimal current patterns that reduce the total
variance of the estimation for the resistance or conductance matrix [32].
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Figure 2.1: Explanatory schematic of the current skipm, voltage skipn pattern. I: 1st current injection,
voltage measurement between the kth and (k + n + 2)th electrodes (leaving a gap of n electrodes).
II: Same current injection and next voltage measurement (between the (k + 1)th and (k + n + 3)th
electrodes). III: Next current injection (source on 2nd and (m + 3)th electrodes), voltage measurement
between the kth and (k + n + 2)th electrodes. IV: Same current injection, next voltage measurement
(between the (k + 1)th and (k + n+ 3)th electrodes).

2.2 The Finite Element Method (FEM)

For canonical geometries and when applying the Point Electrode Model (PEM), the problem some
times can stand an analytical solution. However, in most cases the geometry of Ω is nonregular and
proper discretization is required to treat the problem. The finite element method (FEM) is one of the most
popular discretization techniques for solving partial differential equation (PDE) problems, widely applied
in solid and fluid mechanics and electromagnetic fields. FEM is also very popular in EIT since it is used
in the strong majority of the EIT literature. The two discretization formulations implied by the FEM is
the Galerkin and the Riesz method.

The Galerkin method assumes a weak problem formulation. In our case, we assume that the domainΩ
is properly discretized into a number of L elements and Ne vertices (nodes). Furthermore, let us assume
uh as the weak solution of the forward problem defined above. We expand it at an orthonormal basis
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functions scheme:
uh = ΣNe

i=1uiϕi (2.11)

where ui is the potential on the ith node (weight coefficient) and ϕi are polynomial basis functions, that
satisfy the following condition:

ϕi(r) =

{
1, if r on i node
0, if r not on i node

}
.

The most simple and usual case is to use piecewise linear basis function for the potential [33], [34]. In
a similar manner, the conductivity is usually expressed with piecewise constant basis functions on the
elements:

ψe(r) =

{
1, if r on e element
0, if r not on e element

}
.

Calderon (1980) [35] showed that a proper integral equation weak form of the problem (2.2) is the
following:

∫
Ωe

(
σ(r) ∥∇u(r)∥2

)
dA = 0, r ∈ Ω (2.12)

where Ωe is the eth element domain.

Using the Green’s second identity, expanding u according to (2.11) and applying the CEM boundary
conditions (2.8) we get:∫∫

Ωe

ψe

(
uj
∂ϕi
∂x

∂ϕj
∂x

+ uj
∂ϕi
∂y

∂ϕj
∂y

)
dA =

∮
∂Ωe

ϕi
1

zl
(ujϕj − Ul) dS (2.13)

in case Ω is twodimensional. The formulation is similar for the threedimensional case.

To numerically solve the forward problem, we set the following matrices [36], [37]:

Am(i, j) =

∫∫
Ωe

ψe

(
uj
∂ϕi
∂x

∂ϕj
∂x

+ uj
∂ϕi
∂y

∂ϕj
∂y

)
dA, (2.14)

Az(i, j) =

∮
∂Ωe

1

zl
ϕiϕjdS, (2.15)

Au(i, j) = −
∮
∂Ωe

1

zl
ϕidS, (2.16)

AD(i, j) =


(

1
zl

)
j
|El|, if i = j

0, otherwise

 (2.17)

for i, j = {1, ..., L} (|El| refers to the lth electrode’s surface area) and
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Il =
1

zl
|El|Ul −

N∑
l=1

1

zl
uj

∮
∂Ωe

ϕjdS (2.18)

Then, the following linear equation system is constructed:[
Am +Az Av

A∗
v AD

][
u

U

]
=

[
0

Id

]
(2.19)

where u = [ui]
Ne
i=1, U = [Ul]

N
l=1 and Id is finite set of current patterns (see 2.1.2, 3.1.5 and [26] for

further information on the current patterns).
Eq. (6.9) demonstrates the forward problem in numerical form, which, has to be solved for all the

possible current electrode pairs according to the particular current pattern used.
Instead of the conventional highcomplexity cost Gauss method, the system is resolved with iterative

numerical methods. In the past, the Cholesky method was used to treat this problem [36], [38]. However,
the ConjugateGradient (CG) method is mostly used in recent applications [38]. In addition, in order to
further reduce the complexity cost, the system matrix in (6.9) is often reassembled in a sparse form.

As mentioned, for the voltage representation, the most usual case is to use piecewise linear base func
tions. Increasing the basis function polynomial order leads to better accuracy at an extra computational
cost [39].

Furthermore, it is also worth to mention that apart from the FEM, another popular discretization
method is the iterative Boundary Element Method (BEM). BEM solves the problem by discretizing the
boundary, singnificantly reducing illposedness [40], [41], [42]. However, BEM does not always apply
to nonlinear problems, employing nonsymmetric and inhomogeneous forward operators [43].

2.3 Formulation of the Sensitivity Matrix

Calderon (1980) [35] and later research works [44], [45], [46] have shown that the conductivity is
uniquely determined by the complete knowledge of the DirichlettoNeumann (DL) map on bounded
domains. The operator which maps to conductivity σ to the boundary (electrode) voltages Ul is actually
nonlinear. However when the problem is in weak form, and assuming small conductivity perturbations
δσ = σ − σo around a reference conductivity σo, the expression is written as follows [37]:

δUdm = −
∫
Ω
δσ∇u(Id) · ∇u(Im)dA (2.20)

where δUdm is the calculated voltage between two electrodes when a small δσ conductivity change occurs
and Ω ⊂ Rn, n ∈ {2, 3} is a two or threedimensional domain of interest. Furthermore, ∇u(Id) and
∇u(Im) are the calculated electric fields due to the lead (dth pair) and the measurement (mth current
injection pair) electrodes respectively [37].

From this point, we assume that conductivity is a discrete vector σ = [σi]
L
i=1, representing the con

stant conductivity values on the set of elements that comprise the reconstruction domain Ω. Assume a
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nonlinear operator F (σ) : δσ → δU , which maps the conductivity (or admittance) distribution pertur
bations to the electrode (boundary) voltages. In principle, the Jacobianmatrix is the (first) discrete Frechet
derivative of the nonlinear operator F (σ) with respect to the perturbations δσ. For a particular lead d
and measurementm electrode pair, as well as a particular element i, the Jacobian matrix is computed as
follows [37]:

J i
dm =

∂δUdm

∂δσi
= −

∫
Ωi

∇u(Id) · ∇u(Im)dA (2.21)

around a reference conductivity σo. The problem is then linearized around σo as follows:

δU =
∂δU

∂δσ

∣∣∣
σo

δσ +O(∥δσ∥2) ≃ Jδσ (2.22)

where J ∈ RM×L is the Jacobian matrix and M the total number of measurements (depended on the
electrodes number N and the measurement pattern). In earlier years, the perturbation method was used
to be popular for the Jacobian matrix computation [47], [48]. However, in more recent research and
applications the adjoint method is preferred [37].

The Jacobian matrix is also called sensitivity matrix and actually demonstrates the influence of each
local conductivity perturbation to the electrode voltages measured. In the case the F.E.M. mesh grid is
nonuniform, the following normalization is needed to estimate the total sensitivity Si of voltage data to
conductivity changes in each element i:

Si =
1

Ai

√√√√Nh∑
j=1

J2
j,i (2.23)

where Ai is the ith element’s area or volume.

Fig. 2.2 demonstrates the voltage measurement sensitivity when acting the adjacent current and volt
age pattern at a simple circular domain, attached from 16 electrodes. The domain is discretized into
L = 1215 triangular elements and Ne = 663 nodes. As shown, the sensitivity is higher near the current
injecting pair (electrodes 12) while it decreases as the distance from the current electrodes is increased.

From the sensitivity matrix behavior it is obvious that internal conductivity perturbations that are
relatively far from the boundary electrodes do not cause significant changes to the boundary voltages. In
actual, this is caused by the fact that EIT is a current diffusion problem; the current is dense only near the
injecting electrodes, while current density drops significantly while distance from them increases. This
is called ”softfield” effect.

The above observations demonstrate the weakness of EIT in detecting small conductivity perturba
tions near the examined medium’s center. The change in boundary measurements is weak, and ofter even
smaller than the signal noise. This outcomes the importance of minimizing EIT signal noise. In other
words, the more the signal noise is, the less measurements (from a set of Nh measurements) provide
valuable information about the conductivity distribution. In mathematical terms, the so called ”softfield”
effect means that the Jacobian systemmatrix is singular. Its determinant reaches almost zero, i.e. the larger
singular values of J are many orders of magnitude higher than the lower ones (see Fig. 2.3). It is finally
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Figure 2.2: EIT field sensitivity when current is injected from the 1st and the 2nd electrodes in a circular
16electrode domain (adjacent current pattern). a)Voltage measurement between the 3rd and the 4th elec
trode. b) Voltage measurement between the 4th and the 5th electrode. c) Voltage measurement between
the 5th and the 6th electrode. d) Voltage measurement between the 7th and the 8th electrode.

worth to mention that the singular value behavior is moderately affected from the currentvoltage pattern
selection.

The treatment of Jacobian matrix singularity as well as the nonlinear problem of revealing the con
ductivity distribution are parts of the inverse problem, described in the next subsection.

2.4 Inverse Problem

The inverse problem is defined by the process of finding the conductivity distribution that corresponds
to a specific boundary voltage (measurement) set. Thus, a trivial form of the inverse problem would be
the following Least Squares (LS) Problem:
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Figure 2.3: CurrentVoltage measurement pattern influence on the Jacobian matrix singular value spec
trum of a 16electrode circular domain EIT setup for adjacent current and voltage pattern, skip2 current
pattern with adjacent voltage measurement, opposite current pattern with adjacent voltage measurement
and opposite current pattern with opposite voltage measurement.

σ∗ = argmin
σ∈RL

{
∥U(σ)− V ∥2

}
(2.24)

If difference (time or frequency) EIT (tdEIT or fdEIT respectively), (2.24) is written as follows:

δσ∗ = argmin
δσ∈RL

{
∥δU(δσ)− δV ∥2

}
(2.25)

For sake of simplicity, in this particular section we will use the variables σ, U and V either for absolute
or difference EIT.

Following the previously defined linearization U ≃ Jσ in order to treat the nonlinear dependence
of U from σ, (2.24) takes the form of a simple linear equation system:

Jσ = V (2.26)

Since J ∈ RNh×1, σ ∈ RL×1 and usually L >> Nh, the problem is illposed. It would be trivial to
treat the problem as follows:

JTJσ = JTV (2.27)

and hence to invert JTJ . However, due to the softfield effect, as described in the previous subsection,
J is almost singular and therefore JTJ cannot be inverted.

In the earlier years, some Xray, CT and ultrasound tomography reconstruction imaging techniques,
such as the backprojection (BP) [49], [50] and the algebraic reconstruction technique (ART) method
[51], [52], were applied to treat the EIT inverse problem. The truncated Singular Value Decomposition
(TSVD), which performs SVD to the linearized Jacobian matrix J sets a threshold to keep the higher
(most significant) singular values was also a dominant method during 90s [53], [54].
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2.5 Regularization Approaches

From the mid90s, regularization techniques began to gain popularity, and remain one of the most
popular methods for EIT image reconstruction till nowadays. Many regularization techniques have been
proposed and combined over these years. Among them, the main concept is to stabilize the LS (fidelity)
term in (2.27) by adding a regularization term P (σ) to the objective function [54]:

σ∗ = argmin
σ∈RL

{
∥U(σ)− V ∥2W + λ2P (σ)

}
(2.28)

where W ∈ RNh×Nh is diagonal, noise covariance matrix and λ the regularization hyperparameter
which balances the problem between overfitting and underfitting.

2.5.1 Tikhonov Regularization

The most straightforward way to solve this problem to linearize it near the reference σo and act
standard Tikhonov regularization (STD), [54], by setting P (σ) = ∥σ∥22:

σ∗ = argmin
σ∈RL

{
∥Jσ − V ∥2W + λ2 ∥σ∥22

}
(2.29)

The single step solution is acquired from the following expression:

σ∗ = σo +
(
JTWJ + λ2IL×L

)−1
JTWV (2.30)

where I is the identity matrix and σo = [σo, ...., σo]
T ∈ RL×1. In the case of difference EIT, the term

σo is neglected. In practical terms, the STR increases the JTJ main diagonal terms in order to deal
with the system matrix singularity. It assumes that all the elements conductivity values follow a uniform
behavior, without actually adding any specific prior information. Such information is implied by using
the generalized Tikhonov regularization (GTR), where we set a prior filter matrix Q ∈ RL×L the to
regularization term:

σ∗ = argmin
σ∈RL

{
∥Jσ − V ∥2W + λ2 ∥σ∥2Q

}
. (2.31)

The linearized (singlestep) solution is:

σ∗ = σo +
(
JTWJ + λ2Q

)−1
JTWV (2.32)

TheQmatrix can be either implemented as a discrete Laplace, a NOSER (Q = diag(JTJ)) or a Gaussian
discrete filter [30], [54], [55]. The STR and GTR (Tikhonov) regularization techniques are characterized
by the use of L2norm priors for the term P (σ).

Since the EIT reconstruction problem is nonlinear, the system sensitivity (Jacobian) matrix J just
assists in the approximation demonstrated in (2.22). This approximation holds for small δσ perturbations
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around σo. However, in many practical applications such an assumption does not often hold. Therefore,
in such cases, the minimization problem (2.28) needs to be treated iteratively. In particular, in each step,
the J matrix is computed according to a previousσ estimation. Then, a new estimation ofσ is performed
by solving (2.31) via the iterative GaussNewton (GN or NewtonRaphson) formula [4]:

σκ+1 = σκ + α
(
(Jκ)TWJκ + λ2Q

)−1(
(Jκ)TW

(
V −U(σκ)

)
+ λ2Q(σo − σκ)

)
(2.33)

where σκ is the estimated conductivity (or conductivity change if difference EIT is applied) from the
previous iteration, σκ+1 is the new conductivity estimation and α > 0 is a step estimated via linesearch
in order to that the objective function is properly minimized [4].

An alternative approach to iterative (nonlinear) GN, is the Levenberg–Marquardt method, [56], [57],
where the conductivity update is given from the following formula [58]:

σκ+1 = σκ +
(
(Jκ)TWJκ + λ2κIL×L

)−1(
(Jκ)TW

(
V −U(σκ)

)
+ λ2κIL×L(σo − σκ)

)
(2.34)

while, contrary to the GN method, the hyperparameter λ (which here has the damping factor’s role) is
updated on each iteration as follows:

λκ+1 = Aκλ0 (2.35)

where λ0 is the initial hyperparameter choice and Aκ > 0 a properly selected coefficient such as (2.31)
is minimized.

2.5.2 Total Variation Regularization

The GTR techniques might be a good choice for conductivity distribution imaging in the case that
change between neighboring pixels’/elements’ conductivity is nonsignificant. However, sinceGTR tends
to smooth the solution, it might result in poor performance in capturing steep conductivity changes. To
overcome this possible issue, L1norm regularization techniques (also called as Total VariationTV) are
implied to the EIT inverse problem. The objective function takes the following general form:

σ∗ = argmin
σ∈RL

{
∥U(σ)− V ∥2W + λ2 ∥σ∥1

}
. (2.36)

The regularization term is written as:

PTV (σ) =

Ned∑
i=1

√
∥Liσ∥2 + β (2.37)

where Ned is the total number of the edges between the reconstruction domain’s elements, Li denotes
the ith line of the L matrix which quantifies the relation between the elements and their edges. Further
more, β > 0 is a term that prevents the TV term from reaching zero and become nondifferentiable.
The optimization problem defined from (2.36) and (2.37) is nonlinear, and, contrary to the L2norm
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Figure 2.4: Simplified illustration of the EIT forward and inverse problem procedure.

regularization cases, it does not have a closedform solution. To solve the TV problem, some particular
approaches have been proposed in the literature [4], [59], [60], [61]. The most wellknown ones are the
PrimalDual Interior Point (PDIPM) [60] and the splitBregman distance TV [61], [62], [63]. Another
popular TV method is also the ADMM, [61], [64], which applies an augmented Lagrangian function to
the regularization term.

PrimalDual Interior Point (PDIPM)

The PDIPMmethod is based on the primaldual theory [65], introducing a dual variableχ ∈ RNed×1

to the primal TV problem according to the Cauchy–Schwartz inequality [61]. The problem is solved using
the multivariable GN method, with the following updates per iteration:

δσκ =
(
(Jκ)TWJκ + λ2LT

(
Eκ
)−1

KκL
)−1

·(
(Jκ)TW

(
V −U(σκ)

)
− λ2LT

(
Eκ
)−1

Lσκ
)
,

δχκ = −χκ +
(
Eκ
)−1

Lσκ +
(
Eκ
)−1

KκLδσκ

(2.38)
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where
Eκ = diag

([√
∥Liσκ∥2 + β

]Ned

i=1

)
,

Kκ = diag


1− χiLiσ

κ√
∥Liσκ∥2 + β

Ned

i=1

 (2.39)

then we get the new primal and dual variables’ values as follows:

σκ+1 = σκ + α1δσ
κ (2.40)

and
χκ+1 = χκ + α2δχ

κ (2.41)

respectively, where a1 > 0 can be found via linesearch and a2 > 0 can be found via the scaling rule [4].
The conductivity is initialized to a homogeneous or apriori known distribution, while the dual variable
χ can be initialized to a zero vector.

It is important to note that choice of β value is crucial for the problem’s behavior. A small β may cause
divergence and nondifferentiability of the objective function (2.36), while a large β leads to a smooth
solution and decreased convergence speed.

Split Bregman Distance

This method makes use of an auxiliary variable d and the Bregman distance definition [66]. The
general form of the objective function, where both σ and d have to be estimated, is the following:

(σ∗,d∗) = argmin
σ∈RL,d∈RL

{
∥U(σ)− V ∥2W + λ21 ∥σ − d∥2Q + λ22 ∥d∥1

}
. (2.42)

The problem is split in two minimization problems for σ and d, respectively and each iteration κ as
follows:

σκ
∗ = argmin

σ∈RL,d∈RL

{∥∥Jκ−1σ − V
∥∥2
W

+ λ21
∥∥σ − dκ−1

∥∥2
Q

}
(2.43)

and
dκ
∗ = argmin

d∈RL

{
∥σκ − d∥2Q + λ22 ∥d∥1

}
(2.44)

where dκ−1 is known from the previous iteration update (or initialization if κ = 1) and σκ which is
needed to minimize (2.44) is previously estimated from the minimization problem (2.43).

The first subproblem (2.33) can be treated using the traditional GN method as follows:

σκ = σκ−1+α
(
(Jκ−1)TWJκ−1+λ21Q

)−1(
(Jκ−1)TW

(
V −U(σκ−1)

)
+λ21Q(dκ−1+σo−σκ−1)

)
(2.45)

The second subproblem (2.44), an approach proposed in [63] is to add a field variable w ∈ RL×n
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(n is the domain’s dimensions) through a penalty term as follows:

(dκ
∗ ,w

κ
∗ ) = argmin

d∈RL,w∈RL×n

{
∥σκ − d∥2Q + λ22 ∥d∥1 + λ23 ∥w −∇d∥22

}
. (2.46)

To solve it, a b ∈ RL×n auxiliary variable is also introduced [67], [68], [69] and the problem is treated
using the Bregman iteration approach:

(dκ
∗ ,w

κ
∗ ) = argmin

d∈RL,w∈RL×n

{
∥σκ − d∥2Q + λ22 ∥d∥1 + λ23

∥∥w −∇d− bκ−1
∥∥2
2

}
(2.47)

and
bκ = bκ−1 + (∇uκ −wκ) (2.48)

where initialization is performed as follows b0 = 0.
The problem (2.47), (2.48) can be solved by further splitting theL2norm andL1norm regularization

terms. Therefore, we get the two following corresponding minimization subproblems:

dκ
∗ = argmin

d∈RL

{
∥σκ − d∥2Q + λ23

∥∥wκ−1 −∇d− bκ−1
∥∥2
2

}
(2.49)

and
wκ

∗ = argmin
w∈RL×n

{
λ22 ∥dκ∥1 + λ23

∥∥w −∇dκ − bκ−1
∥∥2
2

}
(2.50)

The problem (2.49) has the following closedform solution:

dκ
∗ = (Q− λ3∆)−1 (σκ + λ3∇(wκ−1 − bκ−1)T

)
(2.51)

where∆ = ∇2 is the Laplacian operator.
The problem (2.50) is solved using the shrinkage function [70]:

wκ
∗ =

1

Dκ
max

{
Dκ − λ2

2λ3
, 0
}
·
(
∇dκ + bκ−1

)
(2.52)

where
Dκ =

∥∥∇dκ + bκ−1
∥∥
2

(2.53)

It has been shown that the split Bregman method provides increased robustness to the reconstruction
problem, while there is no need for the parameter β.
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2.6 Graz consensus Reconstruction algorithm for EIT (GREIT)

The GREIT approach performs linear EIT reconstruction and is based on a Wiener filter form recon
struction matrix, as well as a number of Figures of Merit (FoM) that are briefly described in chapter 4.
The GREIT uses ”training” sets of measurements and conductivity inclusion targets at a fine model, per
forming the reconstructions at a coarse model. Instead of the regularization hyperparameter λ, the Noise
Figure (NF), which is used as a FoM, is apriori set at a desired level. In actual, NF defines the desired
spatial resolution, in tradeoff with image artefacts. A reconstruction matrix R is calculated and used,
which minimizes the following quantity

F =

K∑
k=1

||x̃(k) −Ry(k)|| (2.54)

whereK is the total number of training samples, x̃(k) is the ”desired position” of the kth training sample
inclusion and y(k) is the difference of the measurement frames between the homogeneous and the kth

inclusion states. TheR matrix is computed as follows

R = X̃tY
T
t

(
JΣxJ

T +Σn

)−1 (2.55)

where X̃t is the normalized matrix that contains the ”desired positions” vectors of the training samples,
Ỹt is the normalized matrix that contains the y(k) measurement frame differences,Σx is the covariance
matrix of the distribution from which the training targets set is drawn and Σn is the covariance matrix
of the distribution from which the signal noise of the measurements is taken. The estimated conductivity
change is

σ∗ = RV (2.56)

GREIT takes data from the training sets and the desired NF, optimizes the parameters and performs a
singlestep EIT reconstruction. It is widely used in thoracic EIT imaging, due to its great performance.
However, it can be often computationally expensive, due to the need of a fine, usually 3D model for the
forward calculations (2.5D imaging) and the training. A detailed description of the GREIT algorithm can
be found in [71].

A popular MATLABbased library tool for the L2norm regularization, the PDIPM TV and the
GREIT approach which supports both 2D and 3D imaging and provides several online measurement
datasets is the Electrical Impedance Tomography and Diffuse Optical Tomography Reconstruction Soft
ware (EIDORS) [72]: http://eidors3d.sourceforge.net/. In Figs. 2.5 and 2.6, a simple simulated EIT
reconstruction is demonstrated, using the EIDORS tool. The code used for the simulated model and the
image reconstructions is provided in Chapter 9 (Appendix A).

http://eidors3d.sourceforge.net/
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a) b) c)

d)

Figure 2.5: Simulated EIT setup: a) Simulation cylindrical model (radius 1.5 AU, height 1 AU) with
spherical nonconductive inclusion of radius 0.35 AU centered the position ri = (0, 0.5, 0.5). b) Voltage
distribution (nonquantified) on various zlevels for adjacent current pattern when current is injected from
the 1st and the 2nd electrodes. c) Voltage distribution (nonquantified) on various zlevels for adjacent
current pattern when current is injected from the 6th and the 7th electrodes. d) Homogeneous and non
homogeneous normalized electrode voltage measurements for adjacent current pattern.

2.7 DBar Reconstruction

The DBar is a direct nonlinear EIT reconstruction method [73, 74, 75, 76, 77], which is based on a
nonlinear scattering Fourier transformation [46] of the measured boundary currenttovoltage data. Low
pass filtering is performed to the transformed data which acts as regularization.

This method models the measurement data as a currenttovoltage NeumanntoDirichlet (ND) map
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Figure 2.6: Qualitative EIT reconstructions for the setup in Fig. 2.5 using various approaches and priors
and signal SNR of a) 60dB and b) 40dB. For the regularized approaches, the hyperparameter values
have been heuristically selected, while for the GREIT reconstruction the NF value was set to 0.5. The
reconstruction is performed a pointelectrode 1024triangular element and 545node domain for the regu
larized cases and on a 965pixel domain for GREIT. The training procedure for the GREIT reconstruction
was performed on an extruded 3D fine cylindrical domain, containing 39710 elements and 8905 nodes.
The MATLABEIDORS code used for the reconstructions is provided in Chapter 9 (Appendix A).

Rσ:
Rσϕ = u|∂Ω (2.57)

where ϕ applied meanfree current on the EIT problem Neumann boundary condition. The ND map
expresses the boundary voltage for current pattern utilized. The DirichlettoNeumann (DN) map is also
defined as follows:

Λσ = (Rσ)
−1 (2.58)

To perform the scattering transform of the data, the EIT Laplace equation (2.2) is transformed to a
Schrodinger one, by substituting:

ũ =
√
σu (2.59)

and
q(z) = σ−1/2(z)∆σ1/2(z). (2.60)



80 Chapter Chapter 2  Image Reconstruction Approaches in Electrical Impedance Tomography

Using the special solution form
ũ = ψ(z, k) (2.61)

the following Schrodinger equation is formulated:

[−∆+ q(z)]ψ(z, k) = 0, z ∈ C, k ∈ C \ {0} (2.62)

By mapping
kz = (k1 + ik2)(z1 + iz2), (2.63)

defining
e(z, k) , exp{i(kz + k̄z̄)} (2.64)

and
µ(z, k) = e−ikzψ(z, k) ∼ 1 (2.65)

and using the following nonlinear scattering transform:

t(k) =

∫
C
e(z, k)q(z)µ(z, k)dz (2.66)

as well as the Alessandrini’s identity [78], we are led to the following data transformation:

texp(k) =

{ ∫
∂Ω e

ik̄z̄(Λσ − Λ1)e
ikzdS(z), 0 ≤ |k| ≤ R

0, else

}
(2.67)

where R acts as a regularization lowpass filter threshold.

The following DBar equation:

∂̄kµ(z, k) =
1

4πk̄
t(k)e(z,−k)µ(z, k) (2.68)

is then solved for each z ∈ Ω using the following formula:

µexp(z, κ) = 1 +
1

4π2

∫
C

texp(k)e(z,−k)
(κ− k)k̄

µexp(z, k)dκ1dκ2. (2.69)

Finally, the conductivity distribution is estimated as follows:

σexp(z) =
[
µexp(z, 0)

]2
, z ∈ Ω. (2.70)

Contrary to the iterative regularization approaches, the DBar method has been proven robust to
modeling errors [79]. A detailed comparison of the image reconstruction performance between the D
Bar and the regularized methods can be found in [80]. Finally, a MATLABbased code tutorial for D
Bar method EIT imaging can be found in the following website: https://blog.fips.fi/tomography/eit/

the-d-bar-method-for-electrical-impedance-tomography-simulated-data/.

https://blog.fips.fi/tomography/eit/the-d-bar-method-for-electrical-impedance-tomography-simulated-data/
https://blog.fips.fi/tomography/eit/the-d-bar-method-for-electrical-impedance-tomography-simulated-data/
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2.8 ShapeBased Reconstruction

In the methods described above, the main purpose is to estimate the conductivity distribution of an
examined subject through the inverse problem. However, this general approach does not provide reliable
quantitative information about the inclusions’ exact conductivity values and does not accurately recover
their shapes. Amain source of these inaccuracies is the the fact that the inverse problem has almost always
an extremely large number of unknowns compared to the actual data provided from the measurements.

To overcome this issue, a general research approach is to recover the inclusions’ shapes instead of
the conductivity distribution. This can be performed by adding specific constraints to the regularization
terms in the objective function and assuming that: A) The examined domain has a uniform background
conductivity and B) Each inclusion has also a uniform conductivity. In this way, the number of inverse
problem’s unknowns is significantly reduced and the problem becomes wellposed. Such problems are
called shapebased ones.

2.8.1 Traditional Level Set (TLS)

The level set is a common used approach for shapebased inverse scattering problems. It was firstly
introduced in [81] and applied in EIT in [82], [83], [84] and [85]. The traditional level set approach,
models the conductivity distribution as a linear combination of two piecewise constant conductivities;
the background’s and the inclusion’s one:

σ(r) = σo (1−Hϵ(f(r))) + σ1Hϵ(f(r)), r ∈ Ω. (2.71)

where Hϵ(x) is a smoothed Heaviside function [86]:

Hϵ(x) =


1, x > ϵ

0, x < −ϵ
1
2

[
1 + x

ϵ +
1
π sin

(
πx
ϵ

) ]
, else

 (2.72)

where ϵ > 0 is a sufficiently small value. Assuming D ⊂ Ω the inclusion’s subdomain, the level set
function f(r) satisfies the following conditions:

f(r) > 0, r ∈ D

f(r) = 0, r ∈ ∂D

f(r) < 0, r ∈ Ω \D

 (2.73)

and is expressed as a signed distance function [84]. The objective function is the following:

(σo∗, σ1∗,f∗) = argmin
f∈RNe ,σo∈R,σ1∈R

{
∥U(σ)− V ∥2W +

∥∥f − f
∥∥2
Q
+∥σo − σo∥22+∥σ1 − σ1∥22

}
(2.74)

where f is the discretized form of f , calculated on each node i ∈ {1, ..., Ne} and f , σo and σ1 are
predefined values [84].
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2.8.2 Parametric Level Set (PLS)

A more recent work [87], introduces the parametric level set (PLS) approach in EIT, where the level
set function f(r) is written as a linear combination of radial basis functions (RBFs):

f(r) =

Nb∑
i=1

µi · pi(r) (2.75)

where Nb denotes the number of basis functions used, µ = [µ1, ..., µNb
] ∈ RNb denotes the PLS coef

ficients vector and pi(r), for i = {1, ...Nb} are the RBFs. In [87], Gaussian RBFs are implied and the
level set function becomes parametric to a small positive threshold value c > 0:

f(r,µ) > c, r ∈ D

f(r,µ) = c, r ∈ ∂D

f(r,µ) < c, r ∈ Ω \D

 (2.76)

Therefore, the conductivity expression (2.71) is modified as follows:

σ(r) = σo (1−Hϵ(f(r,µ))− c) + σ1 (Hϵ(f(r,µ))− c) , r ∈ Ω. (2.77)

The objective function is expressed as follows [87]:

(σo∗, σ1∗,µ∗) = argmin
µ∈RNb ,σo∈R,σ1∈R

{
∥U(σ)− V ∥2W +∥µ− µ∥22+∥σo − σo∥22+∥σ1 − σ1∥22

}
(2.78)

where µ, σo and σ1 are reference, apriori determined values. The optimization problem (2.78) can be
solved using the GN iterative method. To linearize the problem, the following Jacobian matrices are
computed in each iteration, using the chain rule:

JU (µ) =
∂U(σ)

∂σ
· ∂σ
∂f

· ∂f
∂µ

= = JU (σ)(σ1 − σo)(δ(f − c))
∂f

∂µ
, (2.79)

JU (σo) =
∂U(σ)

∂σ
· ∂σ
∂σo

= JU (σ)(1−H(f − c)), (2.80)

and
JU (σ1) =

∂U(σ)

∂σ
· ∂σ
∂σ1

= JU (σ)H(f − c), (2.81)

where σ = [σo, σ1]
T .

The PLS method has shown significantly improved performance in reconstructing the conductivity
inclusions’ shapes compared to the traditional one, while the method was extended to differenceEIT
imaging in [88] and multiphase [89] conductivity distributions.
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2.8.3 Geometrically Constrained Boundary Reconstructor (GCBR)

Another shapereconstruction proposed in [90], where the local boundary parameterization model
is penalized by the geometric constraints defined in the boundary integral equations. The problem is
formulated as an energy minimization objective function, where the energy dependence from boundary
perturbations is expressed:

E(x) = 1

2
∥U(x)− V ∥22 +

α

2

∮
Γ
|x′(s)|2ds+ β

2

∮
Γ
|x′′(s)|2ds (2.82)

where Γ is the target inclusion boundary, x = [x(s1), ...,x(sNb
)] ∈ Γ denotes the set of points on Γ

and s ∈ [0, 1] is a local arclength parameter. The 1st term of E is the fidelity one, the 2nd expresses the
tension and the 3rd the stiffness, while α and β are properly selected hyperparameters [90].

Using the Boundary Element Method (B.E.M.) as well as the Euler–Lagrange equation and proper
discretization, the problem is led to the following equation system:

Au+NJT (U(x)− V ) = Au+Nr = 0 (2.83)

where N ∈ RNb×Nb is a diagonal matrix which includes the components of the normal outward vector
to the inclusions’ boundary Γ,A ∈ RNb×Nb is a cyclic pentadiagonal banded matrix:

A,


d c b ... c b

c d c ... 0 b

... ... ... ... ...

c b 0 ... c d

 (2.84)

where a = α/(δs2), b = β/(δs4), c = −a − 4b and d = 2a + 6b, while δs is a sample of the local arc
length parameter s. Furthermore, the inclusion boundary points’ components x(sj) = [x(sj), y(sj)] are
separately denoted with uj . Hence u = [u1, ..., uNb

]T ∈ RNb×1. The first term in (2.83) expresses the
(2.82) fidelity term, while the second one is conducted from the (2.82) penalizing terms [90]. Adopting
the semiimplicate method for image segmentation [91], [92], three assumptions are made: A) the right
hand side term in (2.83) is set to one time step and the lefthand side terms are derived with negative time,
B) r is constant and equals rt−1 during each iteration, and, C) A is specified at time step t. Hence the
following boundary timevariant equation is derived:

Aut +N t−1rt−1 = −ut − ut−1

δt
(2.85)

where δt denotes the selected time step. The system (2.85) is solved iteratively as follows [90]:

{
rt−1 = JTxt−1(U(xt−1)− V )

ut = S−1(ut−1 − δtN t−1rt−1)

}
(2.86)

where S = δtA+ INb×Nb
.
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An energy minimization approach, combined with a Statistical Shape Constrained Reconstruction
(SSCR) and applied in chest phantoms and noisy simulated data was presented in [93].

2.8.4 Moving Morphable Components (MMC) based reconstruction

The PLS method, described in 2.8.2 offers such an good imaging performance of the inclusions’
boundaries. However, it makes use of RBFs for the representation of the level set function, that has
some potential disadvantages, such as the difficulty of center initialization and the absence of physical
interpretation. An improved level set representation has been performed in [94], usingMovingMorphable
Components (MMC). To this end, the TLS level set function identity expressed in (2.73) is used with the
following level set functions:

fi(x, y) = 1 =

(
x′

Li

)m

−
(

y′

gi(x′)

)m

(2.87)

wherem is an even number called the exponent, Li denotes the half length of the ith component, gi(x′)
describes the component’s thickness profile [94], [95], [96] and[

x′

y′

]
=

[
cos(θi) sin(θi)
− sin(θi) cos(θi)

]
·

[
x− xio
y − yio

]
(2.88)

where θi s the inclined angle of the component measured from the horizontal axis counterclockwisely
and (xio, y

i
o) the coordinates of the ith component’s center. Each component is also characterized by its

thickness parameterswi = [wi
1, w

i
2, w

i
3]. Hence, the shape design variable is defined as follows:

γi = [xio, y
i
o, Li, θi, w

i
1, w

i
2, w

i
3]. (2.89)

and the vector γ = [γ1, ...,γNc ], where Nc is the total number of components.
The objective function is formulated as [94]:

(σo∗, σ1∗,γ∗) = argmin
γ∈R7Nc×1,σo∈R,σ1∈R

{
∥U(σ)− V ∥2W + ∥γ − γ∥22 + ∥σo − σo∥22 + ∥σ1 − σ1∥22

}
(2.90)

and is solved with the GN method, similarly to the PLS case. The MMC method was also extended to
differenceEIT imaging in [97].

2.8.5 Bspline level set method

Another level set function representation for EIT shape reconstruction, based on Bspline curves, is
discussed in [98]. The tensorproduct expression used is the following:

f(x, y) =

m∑
i=1

n∑
j=1

Ni,k(x)Nj,l(y)qi,j (2.91)
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where a 2D model with (m + 1)(n + 1) control points Pi,j ∈ R3 has been assumed, qi,j is the zaxis
coordinate of Pi,j and Ni,k, Nj,l are the ith and jth Bspline basis function of degree k (xdirection) and
l (ydirection), respectively. The basis function N is defined as:

Ni,0(x) =

{
1, xi ≤ x ≤ xi + 1

0, else

}
(2.92)

and
Ni,k(x) =

x− xi
xi+k − xi

Ni,k−1(x) +
xi+k+1 − x

xi+k+1 − xi+1
Ni+1,k−1(x) (2.93)

where {xi}bi=0 is a uniform knot vector, expressed as:

xi =


0, i = 0, 1, ..., k

i−k
m−k+1 , i = k + 1, k + 2, ...,m

1, i = m+ 1,m+ 2,m+ k + 1

 (2.94)

and b = m+ k + 1.
The level set conditions are defined suchlike in (2.73), while the objective function is formulated as

[98]:

(σo∗, σ1∗, q∗) = argmin
q∈R(m+1)·(n+1)×1,σo∈R,σ1∈R

{
∥U(σ)− V ∥2W +∥q − q∥22+∥σo − σo∥22+∥σ1 − σ1∥22

}
(2.95)

and treated as in the PLS and MMC described above.
The BSpline curve based method offers the capability of easy boundary shape demonstration with

limited number of control points (m + 1)(n + 1), while it preserves the inclusions’ sharp properties.
However, it is necessary to have an apriori knowledge of the exact number of inclusions and topological
changes cannot be easily handled [99]. In [99] a Boolean operation framework coupled with Bspline
curves is applied for EIT shape reconstruction, where special care has been taken for overlapping, merg
ing, and separation of different shapes. Finally, the Boolean operation shape reconstruction approach
mentioned above has been combined with Fourierbased parameterization, eliminating the requirement
for apriori information about the number of inclusions [100]. This approach also offers increased ability
to preserve sharp boundary shapes in the reconstructed images.

2.9 Learning Methods for EIT Reconstruction

Machine Learning (ML) is a continuously growing research field, offering a surplus variety of appli
cations in all the areas. Its application in EIT actually begins from the early 90s, with the implementation
of a simple Neural Network (NN) [101], based on Adaptive Linear Element (ADALINE). Many other
works have applied ML techniques in EIT, which can be considered as a regression problem, since then.
In [102] (1998), two Artificial NN (ANN) reconstruction methods were presented for reconstructing con
ductivity distribution in simple square pixel domains. In [103], principal component analysis (PCA) and



86 Chapter Chapter 2  Image Reconstruction Approaches in Electrical Impedance Tomography

an ANN are used, employing multiregion BEM with a quadratic interpolation function for the surface
elements. Application of BEM leads to dimensionality reduction, while the method showed noise robust
ness and allowed realtime result acquisition. In addition, [104] used an RBF neural network for the im
age reconstruction of the Electrical Capacitance Tomography (ECT). An adaptive genetic algorithm was
used to optimize the RBF networks’ hidden units parameters. Furthermore, gradient boosting machine
approaches [105], principal component and partial least square regression methods [106], least absolute
shrinkage and selection operator (Lasso) [107] and convolutional NN (CNN) [108] have also been ap
plied. In [109], an extensive comparison has been performed, where Elastic net, leastangle regression
(LARS) [89] and multiply ANN are applied to reconstruct EIT images from simulated and phantom setup
cases.

Recently, the evolution of hardware computational capabilities offered considerably large area for
the application of more complex ML approaches. In EIT there has been a significant turn in ML methods
during the last years. Overall, recent research in learning techniques applied in EIT can be separated into
two main categories: Deep Learning applications and Sparse Bayesian Learning (SBL).

2.9.1 Deep Learning Applications in EIT

The concept of employing Deep Convolutional Neural Networks in inverse scattering and imaging
problems has been extensively discussed in [110]. Training multilayer networks has proven such a suf
ficient method to deal with the EIT’s problem nonlinearity. Overall, three main DL approaches can be
found in image reconstruction [111], [112].

In the first, a classic linear or nonlinear reconstruction method is applied to obtain an initial image
which may suffer from noise or artefacts. Then NN are applied to perform image postprocessing. For
instance, in [113] a linear GN solver is applied to produce 3D EIT images, while the reconstructed images
are further processed from an ANN, providing a strong measurement noise resistance. This is the most
common approach used.

The second category relies on iterative modelbased techniques, where at each iteration, a NN is
applied to perform an updated image reconstruction. This NN acquires information from both the mea
surement data and the forward model (see 2.1, 2.2 and 2.3). Related medical imaging related paradigms
can be found in [114] and [115].

In the third category, a NN is applied to reconstruct the images directly from the measurement data
[116]. This approach needs larger amount of training data, may issue instabilities during the training
process and the may images suffer from noise or artefacts. In EIT such methods are applied in [109]
while [113] compares a postreconstruction method with a direct ANNbased measurement processing
one.

A very widely used CNN for postprocessing EIT image reconstruction is the commonly known
UNet [117]. Its general architecture is demonstrated in Fig. 2.7 The Unet has been applied for post
processing of images acquired via the DBar method (see 2.7) in [118], introducing the Deep DBar
method for absolute EIT imaging. In particular, the Unet has been properly modified to achieve a 64×64

pixel DBar reconstructed EIT image σexp as input, providing an output segmentation map σ̃. The Deep
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Figure 2.7: Unet architecture (32x32 pixel example). Each blue box corresponds to a multichannel
feature map. The number of channels is denoted on top of the box. The dimensions are provided at the
lower left edge of the box. White boxes represent copied feature maps. [117]

DBar network Dθ is trained using a dataset {σi,σ
exp
i }i (σi denotes the ”true” conductivity distribution

of the training sample i) demonstrating a number of simulated circular setups with metallic and plastic
inclusions as well as agar/graphite targets simulating chest phantoms. The L2norm loss function applied
is the following:

loss(σ̃) = ∥σ̃ − σ∥22 (2.96)

The postimaging results showed a significant artefact reduction as well as an increase in the Structural
Similarity Indices (SSIMs) of the images [118]. The Deep DBar approach was extended in [119] where
the Beltrami equation formulation was employed in the DBar method, managing a domainindependent
data training.

The Unet has also been utilized in a DominantCurrent Deep Learning Scheme (DCDLS) [120].
Firstly, the basesexpansion subspace optimization method (BESOM) [121] is applied, keeping the dom
inant parts of induced contrast current (ICC). Secondly, the dominant parts are utilized to generate multi
channel inputs of the Unet (Fig. 2.8). The method is compared to the traditional iterative BESOM one,
showing improved performance and noise robustness. [122] performs EIT using an artifcial skin through
supersensing method data from conductive fabric. The Unet NN is used for image denoising.

In [123], a FullyConnect (FC) and a ReLU layer are added before the typical Unet network, consist
ing the FCUNet architecture. The FC layer performs an initial reconstruction directly using measured
data for Cell EIT imaging. Then, the Unet is applied to denoise the image. The overall concept is shown
in Fig. 2.9.
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Figure 2.8: Modified multichannel Unet architecture for the DCDLS. [120]

The FCUNet application in EIT Cell imaging was expanded in the terms of a Deep Learning Group
Sparsity (DLGS) framework in [124], consisting of a hybrid learningbased cell aggregate EIT imaging
technique. In principle, the FCUNet identifies binary structural information of each inclusion, which
is encoded into group sparsity (GS) regularization (Fig. 2.10). Furthermore, in [125], a structureaware
dualbranch network has been implemented (SADBNet) for Cell imaging. It consists of two branches
to learn the structural and conductivity representations in the first place, respectively. The FCUNet is
included in the structure branch, as a mask generator. Then, the multibranch features are fused by two
fully connected layers. In addition, an impedanceoptical dualmodal imaging framework, which aims to
3D cell culture imaging is presented in [126]. The framework consists of three parts: A) An impedance
optical dualmodal sensor, B) A guidance image processing algorithm and C) A two input multiscale
feature cross fusion network (MSFCFNet). The network inputs consist of the measurement data and a
binary mask generated from B).

Apart from the above, Unet/ FCUNet based works, in [127], inspired from the DCDLS method,
the authors employed a cascaded endtoend CNN (CECNN) architecture to apply the postprocessing
InducedCurrent Learning Method (ICLM), also based in the BESOM approach.

[128] proposes the FistaNet CNN, a fast iterative shrinkage thresholding network for imaging prob

Figure 2.9: The Processing Pipeline of FCUNet. [123]
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Figure 2.10: DLGS framework principle [124].

Figure 2.11: FistaNet architecture [128].

lems (Fig. 2.11). It comprises three cascaded stages: multiple gradient descent, proximal mapping, and
momentum modules. In each iteration, the gradient matrix is updated and a proximal operator network is
developed for nonlinear thresholding which can be learned through endtoend training.

Another architecture developed for frequencydifference EIT, is the multiple measurement vector
network (MMVNet) [129]. It is based on the Alternating Direction Method of Multipliers (ADMM)
[130] and uses a nonlinear shrinkage regularization operator with a Spatial SelfAttention module and a
convolutional long shortterm memory (ConvLSTM) module to reveal any frequency correlations. The
network along with the algorithm summary is demonstrated in Fig. 2.12.

A twostage deep learning (TSDL) method for robust shape reconstruction with EIT is presented
in [131]. It consists of a prereconstruction block and a CNN. The prereconstruction block learns the
regularization pattern from the training data set and provides a rough reconstruction of the target. The
CNN postprocesses the prereconstruction result in a multilevel feature analysis strategy, and eliminates
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Figure 2.12: (a) The iterative MMVADMM algorithm. (b)(c) Illustration of MMVNet architecture and
process flow [129].

the modelling errors with prior information of the observation domain shape. Both blocks are trained by
using a minimum square approach.

In [132] a 2 hidden layer customNN, trained with backpropagation method according to the Fletcher–
Reeves updates [133] is implemented for electrode position optimization, while in [134] optimal pattern
selection approach based on the implementation of a support vector machine (SVM) is proposed.

Finally, some unsupervised methods have been applied in EIT reconstruction imaging. In [135], a
fuzzy Cmeans clustering algorithm is proposed for the evaluation of reconstructed EIT images without
the need of any prior information or reference images. The method is further expanded in[136]. Overall,
an extensive review on DL algorithms for resolving inverse scattering problems (before 2020) can be
found in [137].

2.9.2 Sparse Bayesian Learning (SBL)

The Sparse Bayesian Learning (SBL) is an unsupervised machine learning technique, introduced in
the signal processing field in [138], [139], [140] and [141]. It assumes the conductivity distribution of an
examined object as a set of clusters, lying in a homogeneous background, and, therefore, the conductivity
is represented at a sparse form. Furthermore structureaware SBL (SASBL), applied in EIT in [142],
considers both for the clustered sparsity and intracluster correlation (via pattern coupling) to achieve
improved reconstruction accuracy.

The SBL belongs in the second learning approach category defined in 2.9.1, where measurement
data and information about the forward model (sensitivity matrix) are needed. Assuming Gaussian noise
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en ∈ RNh×1 in the measurement data V , we get the following linearized model:

Jσ + en ≃ V (2.97)

Instead of the general objective function form defined in (2.28), SBL assumes aBayesform loglikelihood
one:

σ∗ = argmin
σ∈RL

{
ln p(V |σ) + λ ln p(σ;Θ)

}
(2.98)

whereΘ is a set of hyperparameters andσ is considered as a cluster superposition. The first term demon
strates the leastsquares (fidelity) one, while the second one represents the regularization terms. Assuming
that the clusters overlap each other with an equal size of H , we get a total number of g = L − H + 1

clusters. The conductivity σ is factorized as follows:

σ = Ψx = [Ψ1, ...,Ψg][x
T
1 , ...,x

T
g ]

T (2.99)

where xi ∈ RH×1 and Ψi =
[
0T(i−1)×H IH×H 0T(L−i−H+1)×H

]T
∈ RL×H . The model (2.97) is now

written as:
V = Jσ + en = JΨx+ en. (2.100)

The following matrix is also defined Φ = JΨ ∈ RNh×gH . According to the SBL theory, the weight
vector x ∈ RgH×1 obeys the following Gaussian distribution

p (x; {γi,Bi}gi=1) = N (0,Σ0) (2.101)

with zero mean value andΣ0 ∈ RgH×gH stretched covariance matrix:

Σ0 =

 γ1B1 ... 0H×H

... ... ...

0H×H ... γgBg

 (2.102)

The hyperparameters are then expressed as Θ = {γo, {γi,Bi}gi=1}. Assuming zero mean value and
covariance proportional to γo for the noise en, we get a maximum aposteriori (MAP) expression for the
weight vector x:

p (x|v;Θ) = N (µx,Σx) (2.103)

The mean values vector can be estimated as follows [142]:

µx = ΣoΦ
TΣ−1

u (2.104)

while the covariance matrix is given by the following expression:

Σx = Σ0 −Σ0Φ
TΣ−1

u ΦΣ0 (2.105)
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where Σu = γoINh×Nh +ΦΣoΦ
T .

The hyperparameter γo is updated as follows:

γnewo =
1

Nh

(
∥V −Φµx∥22 +

g∑
i=1

tr
(
Σi

xΦ
T
i Φi

))
(2.106)

If patterncoupling is applied (see [142]), the γi coefficients are also updated according to the following
expression:

γnewi =
[
γi + β(γi+ + γi−)

]
·
∥∥√BiΦ

T
i Σ

−1
u V

∥∥
2√

tr
(
ΦT

i Σ
−1
u ΦiBi

) (2.107)

for each cluster i ∈ {1, ..., g}. Furthermore, γi+, γi− denote the neighboring clusters to γi, establishing
a correlation between them in the γ updating rule, and controlling it with a parameter β.

The correlation structure matrix Bi is initialized as Bi = Toeplitz
([
0.90, ..., 0.9h−1

])
and updated

as
Bnew

i = Toeplitz
([
r0i , ..., r

h−1
i

])
(2.108)

where
ri = sign(r̃i) ·min{|r̃i|, 0.99}, (2.109)

ri = r̃i =
diag

(
B̃i, 1

)
diag

(
B̃i

) , (2.110)

for each cluster i ∈ {1, ..., g} and

B̃i
new

= B̃i +
1

γi

(
Σi

x + µi
x

(
µi
x

)T)
. (2.111)

The covariance matricesΣo andΣv need to be updated in each iteration according to (2.102) and (2.105)
respectively. When the convergence criterion is satisfied, the final conductivity estimation is given by:
σ∗ = Ψµx.

The process and the SASBL algorithm’s properties are detailed in [142], while a simple SBL ap
proach is applied along with a MethodofMoment (MoM) technique for lung imaging in Chapter 4. The
SBL approach provides noise robustness to the EIT reconstruction procedure, eliminating artefacts that
are present with traditional regularization methods at the cost of high complexity, which isO(N2h2gH)

per iteration.
To overcome the complexity issue, an accelerated SASBL algorithm has been proposed for 3D EIT

reconstructions in [143]. To improve the computation speed, an approximate message passing (AMP)
[144] accelerated expectation maximization (EM) technique is proposed. The AMP gives a MAP esti
mation for µx and Σx per each iteration. This approach is also adopted in [145] in an effort to improve
complexity with timesequence learning in realtime EIT applications. Finally, SASBL has also been
applied in frequencydifference EIT [146].



3
An efficient PointMatching

MethodofMoments for 2D and
3D Electrical Impedance

Tomography Using Radial Basis
functions

In this section, an integral equation approach for differenceEIT imaging, based on the pointmatching
Method of Moments (M.o.M.) is presented. The expression of the electrode voltages is a nonlinear (log
arithmic) function of the conductivity, derived from Green’s second identity. This differs from the for
mulation in (2.20), where the relation between conductivity change and electrode voltages is linearly
approximated and applies only for small conductivity changes. Furthermore, the logarithm of conductiv
ity is expressed using Gaussian or modified Radial Basis Functions (RBFs), instead of the conventional
piecewise linear or polynomial basis functions utilized in the weak linearized formulation (2.20). In ad
dition, the voltage and field distributions are demonstrated as differences of Green’s functions and their
derivatives, depending on the measurement pattern adopted.

A system matrix is formulated, which presents an improved singular value spectrum compared to
the F.E.M. piecewise linear approaches. L1 and L2norm regularization techniques are applied to solve
the linear system of equations. Simulations and experimental testcases on 2D reconstruction domains
show improved qualitative and quantitative results obtained using singlestep (direct) reconstruction with
L2norm regularization, even for strong conductivity variations. In contrast, the conventional approach
needed a number of iterations to produce an acceptable result when such variations apply. Moreover, the
proposed method when using L1norm regularization, also provided good reconstruction quality with a
lower number of iterations than the corresponding conventional approach. Simulations performed over a
3D cylindrical geometry, in the presence of minor modeling errors, show superior conductivity inclusion
reconstruction results at the electrodeheight area. Finally, the proposed method is tested on invivo tho
racic data, where fast reconstruction is crucial for high frame rate timedifference EIT. The corresponding
images, reconstructed on thoracicshape geometries, show successful detection of the lung’s aircontent
related conductivity changes over time.

Themethod is straightforward to apply, providing that theGreen function in the reconstruction domain
is analytically or numerically computed. This formulation allows us to embed the boundary conditions
into the integral equation. Contrary to the iterative F.E.M. solution, the proposed method results in a
linear system of equations which can be solved in a single step, when L2norm regularization is used.
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Furthermore, for standard geometries, the system and prior matrices can be precomputed and stored,
resulting in fast image reconstruction.

3.1 Methods

In EIT, low frequency currents are injected into the, two or threedimensional, domain of interestΩ ⊂
Rn, n ∈ {2, 3}, rendering an electromagnetic problem of quasistatic nature. We consider N electrodes
located at the points {em}N1 . Throughout this work, we assume that {em}N1 are internal points of Ω, yet
close to the boundary ∂Ω. The Point Electrode Model (PEM) is considered for simplicity [24], since this
work focuses on differenceEIT imaging, where the electrode effects are eliminated [147]. However the
forward problem formulation can be extended in order to include the electrodes’ effects.

3.1.1 EIT Integral Equation Formulation

Assume current I is sourced and sinked via the injecting electrodes at points r+ and r−, respectively.
The theory of electrostatics implies that voltage U , considered in the Sobolev spaceH1(Ω), satisfies the
PoissonNeumann problem [24], is parameterized on r+ and r−, i.e. U(·; r+, r−), and therefore

∇
(
σ(r)∇U(r; r+, r−)

)
= Ik

(
δ(r − r+)− δ(r − r−)

)
(3.1)

for r ∈ Ω and r+, r− ∈ {em}N1 . In addition we have the boundary condition

∂U(r; r+, r−)

∂n
= 0 (3.2)

for r ∈ ∂Ω. Moreover σ : Ω → R is the conductivity function, k = 1/metern is a constant, r ∈ Ω is the
observation point, δ is the Dirac delta function and n is the normal outwardpointing vector (Fig. 3.1αʹ).

The model described by (3.1) and (3.2) will be converted to integral form. To this end, we define
the following Poisson’s problem with Neumann boundary conditions and use it to generate a convenient
Green’s function. We have

∇2G(r, r′) = −δ(r − r′) , r, r′ ∈ Ω (3.3)
∂G(r, r′)

∂n
= − 1

S
, r ∈ Ω, r′ ∈ ∂Ω (3.4)

where the differentiation1 is with respect to r′ and S is the perimeter or surface of ∂Ω, required for the
divergence Theorem to hold [148].

The solution of (3.3)(3.4) is inserted into Green’s second identity along with the voltage function
U(r; r+, r−). Then, for any observation point r ∈ Ω and any pair r+, r− ∈ {em}N1 , integration with

1Differentiation in (3.3) can be done in terms of r or r′, due to the symmetry of the Green’s function
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respect to r′ gives ∫
Ω

(
G(r, r′)∇2U(r′; r+, r−)−U(r′; r+, r−)∇2G(r, r′)

)
dA

=

∮
∂Ω

(
G(r, r′)

∂U(r′; r+, r−)

∂n
−U(r′; r+, r−)

∂G(r, r′)

∂n

)
dS

(3.5)

where again all derivatives are with respect to r′. Since the integration at the right hand side of (3.5) is
done with r′ ∈ ∂Ω, (3.2) implies ∮

∂Ω
G(r, r′)

∂U(r′; r+, r−)

∂n
dS = 0 (3.6)

Furthermore, for the second part of the right hand side of (3.5), from (3.4) we get∮
∂Ω
U(r′; r+, r−)

∂G(r, r′)

∂n
dS = C(r+, r−) (3.7)

where we have defined
C(r+, r−) , − 1

S

∮
∂Ω
U(r′; r+, r−)dS. (3.8)

Note thatC(r+, r−) is independent of the observation point r but depends on our selection of the voltage
reference node.

To proceedwe assume that The σ(r) function is constant and equal to some value σo in neighborhoods
of the electrode points {em}N1 . Based on this assumption and the previous development, the EIT Green
integral equation is given by (3.9)

U(r; r+, r−)=

∫
Ω

G(r, r′)∇ (lnσ(r′))·∇U(r′; r+, r−)dA

+Uo(r; r+, r−)

(3.9)

where we have used∇ (lnσ(r′)) = ∇ (σ(r′)) /σ(r′) and We have also defined

Uo(r; r+, r−), Ik

σo

(
G(r, r−)−G(r, r+)

)
+C(r+, r−) (3.10)

is the (homogeneous) voltage when the conductivity is σo (constant) within the whole domain Ω.

Equation (3.9) gives the potential U at the observation point r, when current is injected at r+ and
r− (Fig. 2). The integral in (3.9) captures the voltage deviation U − Uo as a nonlinear function of the
inhomogeneity∆σ = σ − σo and σo.

This formulation differs from the traditional differenceEIT forward one which performs linearization
for small conductivity changes [149]. It also differs from the B.E.M. formulation since the latter one
discretizes the boundary integral equation (i.e. the right term in (3.5)), [14], [33].



96
Chapter Chapter 3  An efficient PointMatching MethodofMoments for 2D and 3D Electrical

Impedance Tomography Using Radial Basis functions

3.1.2 Initial Approximation and Refinement

In the definition of the EIT’s Green integral equation (3.9), the Green’s function G(r, r′) and the
homogeneous voltage distribution Uo(r

′; r+, r−) are known (analytically or numerically), whereas the
inhomogeneous field ∇U and the conductivity function σ(r) are unknown. The product of these two
unknowns makes (3.9) a nonlinear (bilinear) problem. To proceed, we simplify (3.9) by approximating
∇U by∇Uo, which is known, reducing the problem to

U(r; r+, r−)=

∫
Ω
G(r, r′)∇

(
lnσ(r′)

)
·∇Uo(r

′; r+, r−)dA

+Uo(r; r+, r−)

(3.11)

This approximation is used to get an initial solution for the conductivity. It differs from the conventional
forward approach [35], [149], where the product of the conductivity and the electric field is linearized
around σo and Uo.

It is noted that the Green’s function as well as the homogeneous reference voltage distribution and
field can be derived either analytically when reconstructing on canonical geometries or numerically (via
the F.E.M. or F.D.M.) when reconstructing on noncanonical shapes.

From (3.11) and assuming sufficient smoothness and compactness of Ω, the electric field at any ob
servation point r ∈ Ω can be derived by taking the gradient with respect to r, i.e.,

∇rU(r; r+, r−)=

∫
Ω
∇rG(r, r

′)∇
(
lnσ(r′)

)
·∇Uo(r

′; r+, r−)dA

+∇rUo(r; r+, r−).

(3.12)

3.1.3 Domain and Equations Discretization

To proceed with the discretization of the pointmatchingM.o.M. problem and the conversion of it into
a system of linear equations, we start with the domain Ω. We assume a partition of Ω into L subdomains
(2D or 3D depending on Ω), e.g. as shown in Fig. 3.1βʹ, with center points ri, i ∈ {1, 2, ..., L} and areas
(or volumes)Ai, i ∈ {1, 2, ..., L}, respectively.

Since the voltage measurements in EIT take place at the electrodes, the observation point r in (3.11)
should be such that r = em, for some m ∈ {1, 2, ..., N}. Similarly the current is injected at r+ = ek

and r− = el for some k, l ∈ {1, 2, ..., N}.

To discretize equation (3.11) we define the following

Uk,l,m , U(em; ek, el), Uo
k,l,m , Uo(em; ek, el)

Eo
k,l,i , −∇Uo(r

′; ek, el)|r′=ri

gm,i , G(em, ri)

Ki , ∇
(
lnσ(r′)

)
|r′=ri

(3.13)
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Figure 3.1: a) Description of the EIT concept on a random geometryΩ area. b) Discretization of a random
geometry Ω area.

to get

Uk,l,m= −
L∑
i=1

gm,iE
o
k,l,i ·KiAi + Uo

k,l,m. (3.14)

3.1.4 Radial Basis Functions for Conductivity Logarithm

We approximately express lnσ(r′) in (3.11) as a weighted sum of translated versions of one of the
following two RBFs

θ1(r
′, rj) , exp

(
−
∥r′ − rj∥2

2D2

)
(3.15)

and the generalization of it,

θ2(r
′, rj) , exp

(
−
∥r′ − rj∥p1/p2p1

2D2

)
(3.16)

where rj is the jth subdomain’s central point, j ∈ {1, 2, ..., L}. Also,D is a widthadjustment parameter
of the RBFs, p1 and p2 are properly selected positive integers (p1 is even), and, ∥.∥p1 is the p1norm.
Using the RBFs the conductivity logarithm is expressed as

lnσ(r′) , lnσo +
L∑

j=1

cjθ(r
′, rj) (3.17)
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where {cj}N1 are real constants and θ is either θ1 or θ2. Then, the gradient of lnσ(r′) is written as

∇
(
lnσ(r′)

)
=

L∑
j=1

cj θ̄(r
′, rj) (3.18)

where θ̄ = [θ̄x, θ̄y] with θ̄x , ∂θ
∂x′ and θ̄y , ∂θ

∂y′ (likewise for the 3D case). It can be shown that

θ̄1(r
′, rj) = − 1

D2
(r′ − rj)exp

(
−
∥r′ − rj∥2

2D2

)
(3.19)

as well as that

θ̄2(r
′, rj) = − p1

2p2D2

∥∥r′ − rj
∥∥(1−p2)p1/p2
p1

·exp

(
−
∥r′ − rj∥p1/p2p1

2D2

)
· (r′ − rj)

•(p1−1)
(3.20)

for r′ ̸= rj , where • is the Hadammard power [150].
The Gaussian base function θ1(r′, rj) is smooth while the generalized one θ2(r′, rj) is not, when

p1 < p2. The singularity at r′ = rj and the particular shape of the gradient of the last one can be used to
improve the contrast of the final image. It requires certain care however when it is used numerically.

Using the above definitions, vectorsKi in (3.13) admit the following expression

Ki =

L∑
j=1

cj θ̄i,j (3.21)

where we have set θ̄i,j = θ̄(ri, rj).

3.1.5 Linear System Formulation

Replacing (3.21) into (3.14) gives

Uk,l,m= −
L∑

j=1

cj

L∑
i=1

gm,iE
o
k,l,i · θ̄i,jAi + Uo

k,l,m (3.22)

For the rest of this work we assume that the current skips and voltage skipt pattern is utilized [26].
Since the current is injected in electrodes k and l, as captured in (3.14) and (3.22), they should satisfy
l = (k+s) mod N +1. Moreover, let differential voltage measurement be taken from b to a electrodes.
Then it must be b = (a+ t) mod N + 1.

Given s, t and k, the value of l is defined and the pair (a, b) can take a certain number, say h, of
vector values. Formally we can define the set function S : {1, 2, ..., N} → 2{1,2,...,N}×{1,2,...,N} such as
S(k; s, t,N) = {all feasible pairs (a, b) | given s, t and k}. Hence h = |S(k; s, t,N)|. Particularly, if
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tetrapolar measurement is used, we have

h =

{
N − 3, s = t

N − 4, s ̸= t

}
.

From hereon we assume tetrapolar measurement and for a, b, k and l satisfying the above we define
the following voltage and Green function values’ differences

δUa,b
k,l , Uk,l,a − Uk,l,b, δUo,a,b

k,l , Uo
k,l,a − Uo

k,l,b

and δga,bi , ga,i − gb,i
(3.23)

Then, the forward solver (3.22) is written in difference form

δUa,b
k,l = −

L∑
j=1

cj

L∑
i=1

δga,bi Eo
k,l,i · θ̄i,jAi + δUo,a,b

k,l . (3.24)

To proceedwith the definitions of thematrices and the vectors involved in the discrete problem formu
lation, we need to order the elements of the set S(k; s, t,N). To this end we assume two functions (among
the many possible ones and parameterized on k as well as on s, t and N  not shown for convenience)

â(.; k), b̂(.; k) : {1, 2, ..., h} → {1, 2, ..., N} (3.25)

such that S(k; s, t,N) =
{(
â(n; k), b̂(n; k)

)
|hn=1

}
.

For example, when using the adjacent current pattern (current and voltage skip0),N = 16 electrodes
and current flows through the 1st and the 2nd electrodes, we get

S(1; 0, 0, 16) = {[3, 4, ..., 15], [4, 5, ..., 16]} (3.26)

Following the above, for a given value of k (and thus of l) we define

δUk ,
[
δU

â(n;k),b̂(n;k)
k,l

]h
n=1

δUo
k ,

[
δU

o,â(n;k),b̂(n;k)
k,l

]h
n=1

δGo
k ,

[
δg

â(n;k),b̂(n;k)
i

]
n = 1, 2, ..., h

i = 1, 2, ..., L

Ψo
k ,

[
diag([Eo

k,l,i,x]
L
i=1), diag([Eo

k,l,i,y]
L
i=1)

]
Θ̄ ,

[θ̄i,j,x)]Ti = 1, 2, ..., L

j = 1, 2, ..., L

,
[
θ̄i,j,y

]T
i = 1, 2, ..., L

j = 1, 2, ..., L

T

IA , diag([Ai]
L
i=1), c ,

[
cj
]L
j=1

(3.27)

where δUk ∈ Rh×1, δUo
k ∈ Rh×1, δGo

k ∈ Rh×L, Ψo
k ∈ RL×2L, Θ̄ ∈ R2L×L, IA ∈ RL×L

and c ∈ RL×1. It is noted that most entries in every row of Θ̄ are very close to zero, due to the RBF’s
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degradation. Values below a selected threshold can be set to zero making Θ̄ a sparse matrix, significantly
accelerating the computations in (3.28) without any essential degradation of the results’ quality. Indeed,
MATLAB simulations showed that for a threshold of 10−2 (or lower) and for D equal to each pixel’s
length, the image reconstruction quality is not essentially affected. Finally, the matrices and vectors are
defined accordingly for the 3D case.

With the above definitions, the forward solver (3.24) is written in the following vectorized form

δUk = −δGo
k · IA ·Ψo

k · Θ̄ · c+ δUo
k . (3.28)

Furthermore, grouping (3.28) for all N current injection pairs (k, l) we get the following linear system
of equations

δU = −T o · Θ̄ · c+ δUo (3.29)

where matrix T o ∈ R(Nh)×(2L), and vectors δU ∈ R(Nh)×1, and δUo ∈ R(Nh)×1 are defined respec
tively as

T o,


δGo

1 ·IA ·Ψo
1

δGo
2 ·IA ·Ψo

2

...

δGo
N ·IA ·Ψo

N

, δU,


δU1

δU2

...

δUN

, δUo,


δUo

1

δUo
2

...

δUo
N

 (3.30)

Finally, setting
δŨ = δU − δUo (3.31)

and
Mo , ∂δU

∂cT
= −T o · Θ̄ (3.32)

whereMo ∈ R(Nh)×L, the linear system is written as

Moc = δŨ . (3.33)

Note that matrixMo is known and typically Nh < L making the problem illposed.

Recall that δŨ ∈ R(Nh)×1 in (3.31) is the vector of the differences between the differential voltages
δU ∈ R(Nh)×1, of the inhomogeneous solution, and those, δUo, of the homogeneous one. Since both
have to be measured using the EIT hardware setup, in order to be used in solving (3.33), let δV and δV o

in R(Nh)×1 be the measurements of δU and δUo respectively and define

δṼ = δV − δV o. (3.34)

To account for measurement errors and noise we assume that

δŨ = δṼ + en (3.35)
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where en is zeromean Gaussian random vector [151]. Replacing in (3.33) we conclude that

Moc = δṼ + en. (3.36)

We solve (3.36) for c as a weighted (W ) LeastSquares problem adding a regularization cost function
P (.) since the problem is otherwise illconditioned, therefore,

c∗ = argmin
c∈RL

{
F (c)

}
(3.37)

where
F (c) =

∥∥∥Moc− δṼ
∥∥∥2
W

+ λ2P (c). (3.38)

The (symmetric positive defininte) weighting matrix W ∈ R(Nh)×(Nh) is often selected to be the
noise en covariance matrix, typically diagonal. Parameter (hyperparameter) λ balances the weighting
between the terms for regularization.

Finally, we note that in order to derive Mo and use it in (3.38), we need the value of the reference
(homogeneous) conductivity distribution σo in (3.10). We follow [149] to derive an estimate of σo. To
this end we define vectors δYk ∈ Rh×1, k = 1, 2, . . . , N and δY ∈ R(Nh)×1 as

Ym,k,l , G(em, ek)−G(em, el), δY a,b
k,l , Ya,k,l − Yb,k,l

δYk ,
[
δY

â(n;k),b̂(n;k)
k,l

]h
n=1

δY ,
[(
δY1

)T
,
(
δY2

)T
, ...
(
δYN

)T ]T
.

(3.39)

Then

σo =
I · ∥δY ∥22

(δY )T · δV o
. (3.40)

3.1.6 Solution of the Inverse Problem

The problem (3.37)(3.38) can be solved with the GaussNewton singlestep or iterative approach
[30],[55]. The regularization function P it typically the L2norm, when expecting smooth conductivity
variation, or the L1norm, if more steep variation is expected [151].

L2Norm Regularization

In this case, the P (c) term is written in the following quadratic form

P (c) = ∥c∥2Q (3.41)

where (symmetric positive defininte) Q ∈ RL×L is a smooth prior filter matrix (e.g. Laplace prior,
NOSER, Gaussian, e.t.c.) [28], [30], [54], [55] or the identity matrix (Tikhonov regularization). The exact
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solution of (3.37)(3.38), is given in closed form

c =
(
(Mo)TWMo + λ2Q

)−1
(Mo)TWδṼ . (3.42)

Contrary to the conventional linearizing approach [37],[149], there is no need for iterations when solving
with anL2 prior, since the conductivity is not approximated by its first Taylorseries term in the governing
equation (3.11).

L1Norm Regularization

If the expected conductivity distribution has sharp changes, L1norm regularization approaches may
be preferred, such as the Total Variation (TV) [59],[152]. In this case, the discretized form of the TV
regularization prior is expressed as

P (c) =

Ned∑
i=1

√
∥Lic∥2 + β (3.43)

whereNed is the total number of edges between the subdomains,L ∈ RNed×L is a sparse matrix capturing
the relationship between the subdomains and their edges [60] and β > 0 is a parameter essential for the
differentiability of P when ∥Lic∥ = 0 [59], [60]. Here Li is the ith row of matrix L which corresponds
to the ith edge.

To proceed we follow the PrimalDual Interior Point (PDIPM) TV method [4], [59], [60], [61]. The
solution of (3.38) is approached via iterations, where parameter β is carefully reduced while λ remains
constant. For the updates of the solution, we have the following equations

δcκ =
(
(Mκ)TWMκ + λ2LT

(
Eκ
)−1

KκL
)−1

·(
(Mκ)TW

(
δṼ − δŨκ

)
− λ2LT

(
Eκ
)−1

Lcκ
)
,

δχκ = −χκ +
(
Eκ
)−1

Lcκ +
(
Eκ
)−1

KκLδcκ

(3.44)

where
Eκ = diag

([√
∥Licκ∥2 + β

]Ned

i=1

)
,

Kκ = diag


1− χiLic

κ√
∥Licκ∥2 + β

Ned

i=1

 (3.45)

and χ ∈ RNed×1 is the dual variable. A linesearch is needed at every step to find a γ > 0 to update
cκ+1 = cκ + γδcκ in such a way that F in (3.38) is minimized [4]. The update of χ can be performed
with the scaling rule [4]. Furthermore, c and χ are initialized to zero vectors. Thus, the first iteration is
performed as a standard Tikhonov regularization step (seeL2norm regularization). Finally,M is updated
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as follows

Mκ = −T κ · Θ̄, T κ =


δGκ

1 · IA ·Ψκ
1

δGκ
2 · IA ·Ψκ

2

...

δGκ
N · IA ·Ψκ

N

 (3.46)

where δGκ
k is the updated voltage distribution (Green functions’ difference) and Ψκ

k is the updated
electric field matrix for the kth current injection after the κth iteration. The voltage distribution δGκ

k is
updated using the discretized form of (3.11), replacing r+ and r− with ea and eb correspondingly (i.e.
the drive with the lead electodes). In addition, the electric field can be updated using the discretized form
of (3.12) for r ∈ Ω and r′ ∈ Ω. Accuracy can be further improved by mesh refining.

Mesh Refining: To perform the updates (3.44)(3.45), it is essential to perform accurate numerical
integration of (3.11), (3.12). To this end, finemeshing of Ω can be used. This is done here by pixel
refinement, i.e, a number of nodes is uniformly added between every neighbouring pair of central pixels
on the regular grid. This results in a finepixel mesh of Lf subdomains and their corresponding central
points, from which the L central points of the coarse mesh can be sampled.

An interpolation matrix f ∈ RLf×L is used to get the interpolated coefficients vector cf = f · c,
where cf ∈ RLf×1. Furthermore, to discretize the integral in (3.11) at Lf subdomains, we define the
following matrices

Gf ,
[
G(rfi, rfj)

]
i = 1, 2, ..., Lf

j = 1, 2, ..., Lf

, IAf , diag([Ai]
Lf

i=1)

Ψκ
f k

,
[
diag([Eκ

k,l,i,x]
Lf

i=1), diag([E
κ
k,l,i,y]

Lf

i=1)
]

Θ̄f,

[θ̄i,j,x]Ti = 1, 2, ..., Lf

j = 1, 2, ..., Lf

,
[
θ̄i,j,y

]T
i = 1, 2, ..., Lf

j = 1, 2, ..., Lf

T

(3.47)

whereGf ∈ RLf×Lf ,Ψκ
k,f ∈ RLf×2Lf , Θ̄f ∈ R2Lf×Lf and IAf ∈ RLf×Lf . Based on the above and

(3.11), the update of the voltage distribution is derived from

δGκ
k = −(fT ·f)−1 ·fT ·Gf ·IAf ·Ψκ−1

k,f ·Θ̄f · cκf + δGo
k (3.48)

To update the electric field using (3.12) we need the Green’s function gradient at all Lf central points of
the refined mesh. To this end we define

Ḡf ,
[
∇rG(r, r

′)
]
r = rfi, i = 1, 2, ..., Lf

r′ = rfj , j = 1, 2, ..., Lf

Eo
k ,

[
[Eo

k,l,i,x]
L
i=1, [E

o
k,l,i,y]

L
i=1

]T (3.49)

where Ḡf ∈ R2Lf×Lf and Eo
k ∈ R2L×1. Again, from (3.12) and (3.15), the κth update of the electric
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field is given by
Eκ

k = −(fT ·f)−1 ·fT ·Ḡf · IAf ·Ψκ−1
k,f · Θ̄f · cκf +Eo

k (3.50)

where Eκ
k ∈ R2L×1 is the updated electric field when current injects from the kth electrode pair. Using

(3.48) and (3.50) for every voltage and current electrode pair respectively, we update (3.46) to findMκ.
Then, we can update δŨκ as follows:

δŨκ = Mκcκ+1 (3.51)

Finally, the updatedMκ and δŨκ are used in (3.44).
Finally note that the mesh refining method described can also be properly applied for dualmesh

reconstruction, where the forward model is finer than the reconstruction one [153]. Hence the system
matrix can be computed more accurately with a minor computational cost.

3.2 Simulation and Experimental Validation

The performance of the proposed approach is verified through simulation, experimental and invivo
cases. In the simulation and the experimental cases, the validation is performed both visually and quan
titatively. For the quantitative evaluation, the following three metrics have been used.

1) The Correlation Coefficient (CC) quantifies the similarity between the true model and the recon
structed image

CC =
Cov(σtrue, σ̂)

Std(σtrue)Std(σ̂)
(3.52)

where σtrue is the ground truth conductivity, σ̂ is the estimated conductivity and Cov is the covariance
between true and estimated values. The value of CC is between 0 and 1 and higher CC indicates a more
accurate reconstruction. Finally, due to the different discretization of the simulated and the reconstruction
models, a decimation of the conductivity to set the true (ideal) image is performed.

2) The Relative size Coverage Ratio (RCR) shows the ratio between percentage of coverage of the
reconstructed inclusions (CR) and the true conductivity perturbations (CRtrue) [151]

RCR =
CR

CRtrue
(3.53)

It can take any positive value and ideally is 1. However,RCR strongly depends on the threshold selected
for each pixel to be categorized as inclusion. Thus for the comparisons, it is essential to use a common
threshold. In this work, a threshold of 25% for inclusion’s maximum value was used.

3) The Structural Similarity Index (SSIM), image assessment quantity [154], with the same value
range as CC.

Each testcase’s result is qualitatively and quantitatively compared with the corresponding reconstruc
tion achieved using the standard GaussNewton iteration with the linearized F.E.M. approach and piece
wise linear basis functions. For the image reconstructions with the F.E.M., the EIDORS library tool [72]
along with MATLAB were used.
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3.2.1 Simulated Reconstructions on Circular Domains

Overall, EIT reconstruction is characterized by high susceptibility to inverse crime [155]. To avoid
this effect in the simulated reconstructions on circular domain, a 3D FiniteElement cylindrical model,
of radius Ro = 1.5 in Arbitrary Units (AU), and height H = 1 AU, was used to precisely simulate the
measurements. This fine model includesNe = 52452 elements andN = 16 electrodes of 0.1 AU radius
are placed perimetrically at a height of He = 0.6 AU. Furthermore, σo = 1 S/m and the injected ac
current I has amplitude 1mA.

Three cases of inclusions have been simulated:
I) Two symmetrical spherical inclusions, centered at the positions h1 = (−0.45,−0.45, 0.6) and

h2 = (0.45, 0.45, 0.6), of equal radiusR1,2 = 0.35, all in AU, and equal relative conductivity of σ1,2 = 5

mS/m.
II) A very simple thoracic model consisted of i) a ’right lung’ equivalent inclusion: a semispherical

volume centered at h3 = (−0.375, 0, 0.7) with a radius of R3 = 0.9 AU and σ3 = 0.75 S/m, ii) a ’left
lung’ inclusion: a smaller semispherical volume centered at h4 = (0.375, 0, 0.7) with a radius R4 =

0.675 AU and σ4 = 0.75 S/m and iii) a ”heart” inclusion: a small sphere centered at h5 = (0, 0, 0.7),
with a radius of R5 = 0.375 AU and relative conductivity of σ5 = 1.25 S/m.

III) A structure including two oppositeordered hemispherical cavities of radius R6,7 = 0.45 AU
positioned ath6 = (−0.525, 0, 0.7) andh7 = (0.525, 0, 0.7) (AU)with relative conductivity ofσ6 = 1.5

S/m and σ7 = 0.5 S/m respectively.
In each case, the F.E. simulation model was built in MATLAB with the NETGEN tool. Two levels

of Gaussian noise have been added to all the measurements, resulting in signalamplitude SNR of 70
dB and 40 dB, which correspond to highperformance and moderateperformance clinical EIT hardware
systems respectively, [156], [157], [158]. For these simulations (A,B and C), the current skip3 pattern
and adjacent voltage measurement were used (δṼ ∈ R192×1) [26].

The 2D reconstruction domain is a unit radius circular disk which containsN ′
e = 1024 equally sized

triangular elements for the F.E.M. andL = 1009 uniformly distributed square subdomains (pixels) for the
M.o.M. Both reconstruction models assume dimensionless electrodes. The Green function was calculated
using the analytic expression

G(r, r′)=− 1

2π
ln |r − r′| − 1

2π
ln

√
1 +

(r · r′)2
R4

o

− 2
r · r′
R2

o

cos(ϕ− ϕ′) (3.54)

where r = (r′ cosϕ, r′ sinϕ) and r′ = (r′ cosϕ′, r′ sinϕ′) are the observation and the source vectors,
respectively, Ro is the domain’s radius and |.| denotes the Euclidean norm.

It is empirically verified that the Gaussian RBF gives better results when using L1norm regulariza
tion, while the modified RBF should be preferred when using NOSER L2 regularization. For Laplace L2

regularization, the performance of the two RBFs is almost identical. Both RBFs are used in our experi
ments and their Dparameter, in (3.15) and (3.16), was heuristically selected equal to the pixels’ width.
This was done to optimize the distribution of the system’s matrix singular values and to avoid significant
aliasing between neighboring pixels. Note that simulation indicates similar singular value distribution for
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Figure 3.2: Singular value spectrum of the M and the F.E.M. Jacobian matrices utilized for the recon
structions on the 2D circular domain.

the two RBFs for the same D value.

Fig. 3.2 presents i) the singular value distribution of J (Jacobian matrix built using the F.E.M. lin
earized approach, as in (2.21) [33],[37],[54]), at the first iteration, and ii) that of Mo (system’s matrix
with Gaussian RBF).

Fig. 3.2 shows that the J matrix has 48 singular values larger than 10−2 (−40 dB, upper dashed
dotted line) and 73 values larger than 3.16 · 10−4 (−70 dB, lower line). At the same time, theMo matrix
has 67 singular values larger than 10−2 and 113 singular values larger than 3.16 · 10−4. This potentially
indicates an improved robustness of image reconstruction of the proposed M.o.M. method when the EIT
signal noise is −40 dB or lower for these common, uniform reconstruction meshes. However, since dis
cretization potentially affects the SVD spectrum, several meshrefinement methods can be adopted to
improve it, such as adaptive sensitivity methods [159] and weighted element volumes methods [160] in
the case of F.E.M. In the M.o.M. case, nonuniform subunits can be used, adding resolution locally near
the electrodes, where increased sensitivity occurs. Despite the potential benefits of these methods, the
complexity and computational cost should be considered, which is proportional to the number of itera
tions. Hence singlestep reconstruction approaches, such as the L2 M.o.M. are proved advantageous for
realtime applications.

The image reconstructions have been performed using the Laplace and NOSER priors (L2norm)
[28],[30] for the 70 dB measurements, and, the Laplace, NOSER and TV priors (L2 and L1norm) for the
40 dB measurements. For the NOSER prior parameter values (p1, p2) = (4, 6), in (3.16), are empirically
chosen for the modified RBF. The λ hyperparameter values have been also chosen heuristically at the
value where the corresponding EIT image CC is maximized. The effect of hyperparameter’s λ selection
is shown explicitly for case I using L2 regularization (where λ0 is the ”optimal” value). For the TV
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Table 3.1: Case I: Reconstruction parameters and quantitative results.

Testcase SNR λ Iters. CC RCR SSIM

Laplace F.E.M. 70dB 9 ·10−4 2 0.854 1.29 0.618
Laplace M.o.M. 70dB 8 ·10−6 1 0.862 1.25 0.638
NOSER F.E.M. 70dB 10−2 2 0.890 1.11 0.633
NOSER M.o.M. 70dB 15 ·10−2 1 0.898 1.17 0.724
Laplace F.E.M. 40dB 25 ·10−4 2 0.759 1.76 0.606
Laplace M.o.M. 40dB 25 ·10−6 1 0.770 1.76 0.611
NOSER F.E.M. 40dB 3 ·10−2 2 0.822 1.55 0.626
NOSER M.o.M. 40dB 5 ·10−1 1 0.853 1.47 0.716

TV F.E.M. 40dB 5 ·10−8 25 0.769 1.76 0.630
TV M.o.M. 40dB 5 ·10−6 25 0.828 1.52 0.675

TSVD F.E.M. 70dB 4 ·10−1 1 0.871 1.31 0.640
TSVD F.E.M. 40dB 8 ·10−1 1 0.719 1.92 0.598

Table 3.2: Case II: Reconstruction parameters & quantitative results

Testcase SNR λ Iters. CC RCR SSIM

Laplace F.E.M. 70dB 10−3 2 0.849 0.72 0.714
Laplace M.o.M. 70dB 6 ·10−6 1 0.851 0.70 0.720
NOSER F.E.M. 70dB 10−2 2 0.845 0.59 0.706
NOSER M.o.M. 70dB 2 ·10−1 1 0.863 0.62 0.726
Laplace F.E.M. 40dB 9 ·10−3 2 0.807 0.61 0.644
Laplace M.o.M. 40dB 3 ·10−5 1 0.842 0.54 0.675
NOSER F.E.M. 40dB 10−1 2 0.717 0.49 0.659
NOSER M.o.M. 40dB 9 ·10−1 1 0.807 0.64 0.680

TV F.E.M. 40dB 10−7 25 0.73 0.64 0.656
TV M.o.M. 40dB 4 ·10−6 25 0.758 0.76 0.653

prior, β is also chosen heuristically between 10−4 and 10−8 to balance the convergence speed with the
image quality. For TV reconstruction we used 25 iterations. Finally, for case I, reconstructions using the
Truncated SVD (TSVD) singlestep algorithm [53] have been included for comparison.

The simulation reconstructions are shown in Fig. 3.3 for case I, in Fig. 3.4 for case II and in Fig. 3.5
for the case III. The λ and β values chosen, the number of iterations needed to obtain the images, as well
as the CC and RCR values are shown in Tables 3.1,3.2 and 3.3 for cases I, II and III respectively. For
the proposed method, the σ values are estimated directly from (3.17), while for the F.E.M. the reference
value σo estimation was added to the difference∆σ.

A visual inspection of the simulation results shows that the proposed method succesfully tracks the
inclusions under both noise signal SNRs for all the three testcases and priors (except from the case II TV
where none of the approaches detects the ”heart” inclusion). At 70 dB EIT signals, the reconstruction is
slightly improved both qualitatively and quantitatively (according to Tables 3.1, 3.2 and 3.3), compared
to the conventional F.E.M. approach. For 40 dB simulated EIT data, the images’ quality is significantly
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Figure 3.3: EIT image reconstructions for the simulated case I, under various conditions and priors. The
corresponding inverse problem parameters selected and the quantitative results are shown in Table 3.1.

better than that of F.E.M., especially in cases II and III. In addition to the images’ visual quality, the
CC improvement ranges from 1.1% to 9% (except cases II and III TV) and RCR is also closer to 1.
The SSIM also shows improvement when using the M.o.M. method, varying from 0.6% to 8% (except
from case II TV). In addition, the TSVD approach for both 70dB and 40dB signals in case I has lower
performance than both the iterative F.E.M. and the L2 and L1 M.o.M. approaches.
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Figure 3.4: EIT images for the simulated case II, under various conditions and priors. The corresponding
inverse problem parameters selected with the quantitative results are shown in Table 3.2.

Figure 3.5: EIT images for the simulated case III, under various conditions and priors. The corresponding
inverse problem parameters selected with the quantitative results are shown in Table 3.3.

Furthermore, in all the L2norm reconstruction cases, the proposed approach requires only one itera
tion to reconstruct the images. Consider for example case (I) and residual error metric

∥∥∥Moc− δṼ
∥∥∥2
W
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Table 3.3: Case III Reconstruction parameters & quantitative results

Testcase SNR λ Iters. CC RCR SSIM

Laplace F.E.M. 70dB 10−3 2 0.769 1.95 0.728
Laplace M.o.M. 70dB 2 ·10−6 1 0.806 1.96 0.758
NOSER F.E.M. 70dB 10−2 2 0.815 1.74 0.753
NOSER M.o.M. 70dB 2 ·10−1 1 0.839 1.71 0.798
Laplace F.E.M. 40dB 10−2 2 0.530 3.48 0.697
Laplace M.o.M. 40dB 4 ·10−5 1 0.559 3.86 0.769
NOSER F.E.M. 40dB 8 ·10−2 2 0.685 2.33 0.721
NOSER M.o.M. 40dB 1.2 1 0.748 1.73 0.773

TV F.E.M. 40dB 10−7 25 0.617 3.04 0.699
TV M.o.M. 40dB 4 ·10−6 25 0.604 2.90 0.707

for the M.o.M. and
∥∥∥Jδσ − δṼ

∥∥∥2
W

for the F.E.M respectively. Using the Laplace prior reconstruction,
the F.E.M. resulted in residual error of 2.45 ·10−8 and 9 ·10−13 at the 1st iteration and the 2nd itera
tions respectively. While the proposed method results in residual error of 5.22·10−13 with a singlestep
reconstruction.

When using the TV prior, the corresponding images’ CC values per iteration are demonstrated in
Figs. 3.3, 3.4 and 3.5. It is shown that a near maximum CC is achieved faster by the proposed method.
Furthermore, in cases I and II the final CC is better in the proposed method. In case III, the CC that
was achieved with the proposed method is slightly lower (1.3%) than the CC that was achieved with the
F.E.M., however, the convergence is much faster and the RCR is better.

Finally, with the system matrices and priors precomputed, when using singlestep M.o.M., each re
construction takes about 30ms for the NOSER and 50ms for the Laplace prior. The corresponding times
for the F.E.M. approach depend on the number of iterations. For 2 iterations, each reconstruction takes
about 1.5 seconds. For the TV method, both approaches take about 4 to 6 seconds. All the recorded times
have been achieved using an AMD Ryzen 5 3600 system.

3.2.2 Experimental Validation on a Circular Domain

In addition to the simulations above, the findings of three experiments with circular tanks (vertically
uniform cylindrical structures) are discussed. The measurements have been acquired using the KIT4 EIT
system from the University of Eastern Finland (UEF) [157], [161]. The circular tank has been filled
with saline water of σo = 0.03 S/m up to a height of 7 cm [118], [161] and N = 16, 2.5cm width
rectangular electrodes were attached. Conductive metal rings or/and highly resistive solid plastic objects
were selectively placed in the tank for the three experiments. A 2 mA amplitude, 1 kHz AC current was
induced and the skip3 current pattern with adjacent measurement was adopted.

The Laplace, NOSER and TV priors have been used in both F.E.M. and M.o.M. (proposed) image
reconstructions. The hyperparameter λ has been heuristically selected as shown in Table 3.4 while β is
selected at 10−3 for the F.E.M. and 10−16 for the M.o.M. TV reconstructions. The CC (6.40), the RCR
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(3.53) and the SSIM quantitative metrics are recorded assuming that the metallic and plastic inclusions
have σ = 10 S/m and σ = 0.01 S/m respectively (σ approaches infinity and zero respectively). Note that
it has been shown that for extremely low or high conductivity, the reconstruction images saturate (due to
the nonlinearity of the EIT problem [55]). For every experimental case setup, an RGB color conductivity
representative image has been created, named ”σ pattern” (Fig. 3.6 1st row): Red represents the metallic
conductivity, blue the plastic’s one and green the saline water background. The ”σ pattern” images’ pixels
are mapped to the Finite Elements and the proposed reconstruction domain pixels.

From the reconstructed images in Fig. 3.6, it is observed that the proposed approach achieves an
overall better performance. It is also observed that the F.E.M. method underestimates the conductive
inclusions, while the proposed one results on piecewise constant and more accurate σ values that demon
strate the metallic rings. These visual inspections are confirmed by the CC values in Table 3.4, where an
0.6%− 9.4% improvement is shown. In some of the testcases, however, the proposed method’s RCR is
higher, since the corresponding reconstructed conductive inclusions get higher and more constant values.
In addition, the SSIM varies between 0.565 and 0.69 for the F.E.M. and between 0.565 and 0.753 for
the M.o.M. Furthermore, only one iteration needed for the L2 prior reconstructions with the proposed
method, while the F.E.M. formulation images needed 3− 9 iterations (Table 3.4).

Figure 3.6: EIT image reconstructions for the experimental cases. The corresponding inverse problem
parameters selected with the quantitative results are shown in Table 3.4.

3.2.3 Simulated Reconstruction on Cylindrical Domains

A number of 3D simulations have been performed based on a cylindrical tank and a multilayer elec
trode distribution. To simulate the measurements, a fine F.E.M. cylinder model of a Ro = 1 AU radius
and H = 2 AU height, attached with 3 layers of a total of N = 48 electrodes (16 electrodes per layer),
has been created. The electrodes’ radius is 0.05 AU. The model contains Ne = 376033 elements and
No = 70153 nodes. The electrode layers are set at zl1 = 0.6, zl2 = 1.05 and zl3 = 1.45AU. Background
conductivity and measurement SNR are set to σo = 1 S/m and 70 dB. The current skip3 and adjacent



112
Chapter Chapter 3  An efficient PointMatching MethodofMoments for 2D and 3D Electrical

Impedance Tomography Using Radial Basis functions

Table 3.4: Reconstruction parameters and quantitative results for the experimental cases

Testcase λ Iters. CC RCR SSIM

A Laplace F.E.M. 2 ·10−2 4 0.750 1.68 0.565
A Laplace M.o.M. 10−1 1 0.763 1.52 0.571
A NOSER F.E.M. 4 ·10−2 6 0.765 1.63 0.569
A NOSER M.o.M. 1 1 0.779 1.65 0.574

A TV F.E.M. 3 ·10−7 25 0.757 1.37 0.568
A TV M.o.M. 6 ·10−6 25 0.777 1.83 0.565

B Laplace F.E.M. 2 ·10−3 6 0.792 1.78 0.612
B Laplace M.o.M. 8 ·10−6 1 0.839 1.85 0.651
B NOSER F.E.M. 4 ·10−2 4 0.801 1.65 0.629
B NOSER M.o.M. 15 ·10−2 1 0.807 1.49 0.707

B TV F.E.M. 10−7 25 0.792 1.82 0.617
B TV M.o.M. 3 ·10−6 25 0.866 2.18 0.720

C Laplace F.E.M. 8 ·10−4 3 0.677 2.07 0.688
C Laplace M.o.M. 8 ·10−6 1 0.771 2.46 0.753
C NOSER F.E.M. 4 ·10−2 9 0.720 2.14 0.645
C NOSER M.o.M. 15 ·10−1 1 0.740 2.68 0.675

C TV F.E.M. 10−7 25 0.767 2.25 0.690
C TV M.o.M. 10−6 25 0.783 2.07 0.694

voltage (skip0) pattern is used and a I = 1 mA amplitude current is injected.

The reconstruction model is also a Ro = 1 AU radius, H = 2 AU height cylinder, but with delib
erately slightly shifted N = 48 electrodes, placed at layers z′l1 = 0.5, z′l2 = 1 and z′l3 = 1.5 AU. The
electrodes shift was introduced to capture the impact of modeling error to the reconstructed image, in real
world EIT experiments where the exact model parameters are rarely known. The F.E.M. reconstruction
is performed using the coarse mesh withN ′

e = 26320 elements andN ′
o = 5424 nodes, while the M.o.M.

was applied using a L = 21150 uniform voxel mesh. Finally, the Green’s function is computed using the
following analytical expression [162]

G(r, r′)=− 1

2π ·H
ln (R ·R′)+

2

π ·H

∞∑
p=1

cos
(pπz
H

)
cos
(
pπz′

H

)

·
∞∑

m=1

∥∥∥∥∥∥
Im

(
pπr′

H

)
I ′m

(
pπRo

H

) ·{A(r)−B(r)}

∥∥∥∥∥∥
r′,r

· cos(m(ϕ− ϕ′))

(3.55)

where Im andKm are themodified 1st and 2nd kindBessel functions, ∥F∥r′,r , min {F (r′, r), F (r, r′)}
and
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R =
√
r2 + r′2 − 2rr′ cos(ϕ− ϕ′)

R′ =

√
r2 +

R4
o

r′2
− 2r

R2
o

r′
cos(ϕ− ϕ′)

A(r)=I ′m

(
pπRo

H

)
Km

(pπr
H

)
, B(r)=Im

(pπr
H

)
K ′

m

(
pπRo

H

) (3.56)

The Green’s function gradient is approximated from the freespace electrical field in the Cartesian
coordinates

∇rG(r, r
′) ≈ − 1

4π

[
x− x′

Q2
x̂+

y − y′

Q2
ŷ +

z − z′

Q2
ẑ

]
(3.57)

where Q =
√

(x− x′)2 + (y − y′)2 + (z − z′)2,
(x, y) = (r cosϕ, r sinϕ) and (x′, y′) = (r′ cosϕ′, r′ sinϕ′).

Two particular cases are simulated. In the first one, 4 spherical inclusions of radius R = 0.2 AU
and σ = 0.9 S/m are introduced at the following positions: ri =

(
0, (−0.5)i, 0.6

)
for i = {1, 2} and

ri =
(
0, (−0.5)i, 1.3

)
for i = {3, 4}. In the second case, onemore spherical inclusion of radiusR = 0.15

AU and σ = 0.9 S/m is added at r5 = (0.5, 0.5, 1.3).
The NOSER inverse prior is used [30] for both the F.E.M. and the proposed M.o.M approaches.

Contrary to the 2D cases, singlestep GaussNewton inversion is applied here to maintain reasonable
computational complexity when using the fine mesh. The θ2 RBF is utilized with p1 = 2 and p2 = 3.
Moreover, (3.42) is evaluated using the Woodbury’s inversion formula [163], significantly limiting the
computational cost. Indeed, with the systemmatrix, the Jacobian and prior ones precomputed, theM.o.M.
approach takes 4.5 seconds while F.E.M. takes about 9.5 seconds. For the quantitative evaluation, only the
CC metric is estimated. The hyperparameters are heuristically chosen in each case in order to maximize
the resulting reconstructions’ CC.

The resulting 3D reconstructions are shown in Fig. 3.7 and the reconstructions’ parameters with the
CC metrics are presented in Table 3.5. Only the elements/voxels that have σ values more than 25% of the
corresponding case’s maximum∆σ are shown for clarity. The inclusions are more clearly reconstructed
and separated from the proposed M.o.M. reconstruction, as verified both from the illustrations and the
CC. However, the inclusions appear closer to the zaxis than they actually are in the simulated model.
Furthermore, some artifacts appear at the cylinder’s bases (mainly the upper one) due to the approximated
field from (3.57) that does not take into account the Neumann boundary conditions on the bases.

3.2.4 InVivo Thoracic Dynamic Imaging

A representative application of differenceEIT is dynamic thoracic imaging. It provides valuable in
formation for the lungstate condition in real time, which cannot be easily accessed by traditional imag
ing methods (e.g. mechanical ventilation for patients with acute respiratory distress syndromeARDS,
neonates, etc.). We test the applicability of the proposed method on continuous thoracic imaging.
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Figure 3.7: EIT image reconstructions for the 3D cases with NOSER prior (25% threshold). The corre
sponding problem parameters selected with the quantitative results are shown in Table 3.5.

Table 3.5: Reconstruction parameters and CC of the 3D cases.

Testcase λ SNR CC

4 inclusions F.E.M. 4 ·10−2 70dB 0.443
4 inclusions M.o.M. 9 ·10−1 70dB 0.502
5 inclusions F.E.M. 4 ·10−2 70dB 0.427
5 inclusions M.o.M. 9 ·10−1 70dB 0.443

For this purpose we use a 2D thoracicshape coarse mesh with L = 1060 pixels involving N = 16

electrodes. Thirty four (34) data frames of a single breath cycle were captured by the EIT SCANNER
in [164, 165], using online data from [72] and the adjacent current and voltage measurement pattern.
Difference EIT was performed with the 1st frame as the reference one, resulting in 33 images.

To compute the Green’s function differences, a voltage distribution simulation was performed on a 48
times interpolated Lf = 612341node fine squareelement mesh. The electric field was computed with
the Finite Differences Method using the resulted voltage distributions. The fine mesh voltages and field
distributions were sampled to get the coarse structure’s distributions. The reconstruction was done with
the NOSER algorithm, with λ = 0.4, D =

√
A, p1 = 4 and p2 = 6.

The image reconstructions in Fig. 3.8 reveal the airrelated conductivity changes during a single breath
cycle, with significant temporal resolution. However, the blood cycle related changes are not clearly
visible. Their detection may be achievable using hardware SNR ≥ 75dB, higher frame rate, or post
reconstruction processing methods [6], [166].

In thoracic imaging, electrodes with nonnegligible dimensions are typically attached on the patient.
Although the proposedmethod assumes dimensionless electrodes, it can be accurate enough if the distance
from the boundary is small relative to the subject’s size and if the electrodes’ dimensions are also relatively
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Figure 3.8: Dynamic EIT reconstruction for a single breath cycle, using the proposed approach.

small. For large electrode dimensions, an extension of the method to include the CEM can compensate
any field effects resulting from the electrodes.
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4
Evaluation of the Point

Matching MethodofMoment
using Sparse Bayesian Learning

in Dynamic Lung Electrical
Impedance Tomography

4.1 Introduction

Electrical impedance tomography (EIT) is a medical imaging technique which reveals the conduc
tivity or admittance distribution of a subject under test (SUT) [4]. In EIT, an alternating, lowamplitude
current usually up to 1MHz is induced into a cluster of electrodes, while the measured electrode poten
tials are used as raw data for the image reconstruction. Unlike other medical imaging modalities, EIT is
characterized by the absence of ionizing radiation, its low cost and its notable temporal resolution. This
makes EIT a useful tool for realtime lung function monitoring. Many studies have shown the impor
tance of EIT for revealing vital signs related to ventilation properties, such as tidal volume (TV) [167],
or pathological situations, such as acute respiratory distress syndrome (ARDS) [168].

Despite its potential advantages, EIT is lacking in spatial resolution, something that still keeps its
application in medical equipment limited. In addition, EIT images often present artefacts that, in some
cases, may degrade their clinical value and diagnostic efficacy. Such artefacts are related to the highly
illposed and illconditioned nature of the EIT inverse reconstruction problem. This means that the image
quality presents with high sensitivity to voltage signal noise. In realtime EIT imaging, the signaltonoise
ratio (SNR) is often limited, because higher frequency currents need to be injected in order to achieve
a high temporal resolution [169, 170]. Indeed, in practice, lower frame rate EIT hardware systems [156,
171] usually present better voltage SNR levels than higher frame rate systems [20, 21].

Furthermore, EIT is susceptible to modeling errors. Particularly in dynamic thoracic imaging, the lack
of a homogeneous background, the patient’s unknown chest boundary shape, as well as its changes over
time due to the patient’s breathing cycles and the high chance of the electrodes’ displacement during
signal acquisition also introduce significant modeling errors [151, 172, 173]. Despite the fact that a per
centage of modeling errors can be compensated when timedifference EIT is applied, their impact on
image quality may be still noticeable. Moreover, EIT is a highly nonlinear problem, which means that
highly inhomogeneous admittance inclusions cannot be accurately estimated with simple linear meth
ods [151]. The variations in the lungs’ admittance due to the continuous change in air volume is a typical
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case [174].
Over the years, many approaches have been proposed for EIT image reconstruction. The most simple

approaches assume small conductivity or admittance inclusions and linearize the problem around a pre
defined homogeneous value. Then, the problem is treated directly using either truncated singular value
decomposition (TSVD) or standard Tikhonov regularization (STR), where an identity matrix prior is con
sidered. Generalized Tikhonov regularization (GTR) schemes [54] such as the Laplace prior, the NOSER
prior [30] and the highpass filter Gaussian prior [55] can be also applied, improving the image recon
struction performance compared to TSVD and STR. To compensate boundary movement effects, [175,
176] introduced electrode movement priors, combining them with the previous schemes. Another single
step approach which makes use of a figureofmerit (FoM) framework to optimize both parameters and
performance is the Graz consensus reconstruction algorithm for EIT (GREIT) [71]. GREIT uses dual
mesh schemes, i.e., a coarse 2D domain for the admittance reconstruction and a fine 3D domain, extruded
from the coarse 2D one, for accurate forward calculations. This greatly improves accuracy, but at the cost
of additional time and complexity.

Despite the benefits of singlestep approaches in dynamic EIT imaging speed, EIT is a nonlinear
problem. Therefore, most linear approaches cannot accurately capture significant conductivity changes.
In such cases, iterative approaches have been developed to deal with the nonlinearity. A common iter
ative framework is based on the Gauss–Newton (GN) algorithm, which makes use of the GTR schemes
mentioned above (L2norm regularization) [28]. Another popular iterative approach is the total variation
(TV) approach, whereL1norm regularization priors are used [59, 60, 61]. A hybrid nonlinear difference
EIT imaging approach was proposed in [85, 151] in an effort to effectively deal with both themodels’ mis
matches and the problem’s nonlinearity. Another L1norm approach uses the Bregman distance scheme,
showing improved performance in lung imaging compared to the traditional TV scheme [63].

Sparse Bayesian learning (SBL) was firstly proposed as a mathematical formulation in [138, 139,
177] but was only recently applied in EIT [142, 143, 145, 178]. Instead of the traditional regulariza
tion schemes, it treats the inverse problem as a loglikelihood optimization procedure, assuming a sparse
conductivity distribution. SBL approaches show robustness to signal noise, while the nontrivial hyper
parameter selection needed in regularization techniques is avoided. Although some SBL methods, such
as structureaware SBL (SASBL) [142] and timesequence learning SBL [145] have been proposed for
EIT, their evaluation is limited to simple circular and cylindrical structures. Hence, SBL has not been
applied in dynamic thoracic imaging, where the structures have more complex geometries, usually un
known, and are highly nonhomogeneous.

The pointmatching method of moment (PMMoM) for EIT was also recently proposed in [179]. It
uses a global integral equation approach with Green’s functions. The logarithm of conductivity is ex
pressed as a linear combination of modified radial basis functions (RBFs). Contrary to the traditional
finite element (F.E.) approach, which treats the problem as a weak form that does not hold for signifi
cant conductivity changes, the PMMoM is formulated globally, decreasing the problem’s nonlinearity.
The PMMoM has therefore shown to converge faster than the traditional F.E. approaches both in L1

and L2norm inverse problem schemes. Despite the fact that PMMoM has been tested on circular and
cylindrical structures, it has not been quantitatively evaluated in dynamic thoracic imaging.
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Motivated by the benefits of the PMMoM and the SBL optimization scheme, in this work we intro
duce an approach that combines these two methods. In particular, the proposed PMMoM SBL approach
undertakes the image reconstruction problem’s nonlinearity, offering robustness to noise and reduced
susceptibility in modeling errors. To evaluate the PMMoMSBL approach, we apply it to 3DF.E. thoracic
structures (cases) based on 3male subjects’ CT images, available online. For each case, five substructures
are built, considering five corresponding breathcycle states from expiration to the endinspiration. Each
structure includes the lungs, heart, vertebrae, muscle and skin tissues to avoid the assumption of a uniform
background [173]. It is noted that most previous studies for EIT approaches in dynamic thoracic imaging
consider only the inspiration and expiration ends and only the lung tissues in their models for quantitative
evaluation. The proposed approach is compared with traditional (GN, TV, difference of absolute images)
and more advanced (prior movement, hybrid nonlinear imaging) F.E.based regularization approaches,
as well as the regularizedMoM approach, showing increased noise robustness and improved performance
both qualitatively and quantitatively. Finally, the proposed method is tested in in vivo human breath data
which is available online, verifying its proper applicability.

The rest of this paper is organized as follows. In Section 4.2, the EIT problem’s principle, as well as
stateoftheart regularizationbased methods, are outlined. In Section 4.3, the proposed PMMoM SBL
approach is presented, while in Section 4.4, the 3D thoracic structures, the evaluation FoM, the method
adopted to extract the reference images and the in vivo data are described. In Section 4.5, the image
reconstruction results, as well as the quantitative results, are demonstrated and discussed.

4.2 Background

In this section, a brief review of the EIT mathematical formulation and the stateoftheart inverse
reconstruction approaches used for the comparisons is performed.

4.2.1 EIT Principle

Assume a N electrode EIT setup and a ddimensional domain (d ∈ {2, 3}) Ω, where the current is
injected. The problem can be described according to the following Laplace equation:

∇
(
σ(r)∇u(r)

)
= 0, r ∈ Ω (4.1)

that implies the following boundary conditions, according to the complete electrode model (CEM) [23]:

u(r) + zlσ(r)
∂u(r)

∂n
= Ul, r ∈ el, l = 1, ..., N (4.2)∫

el

σ(r)
∂u(r)

∂n
dS = Il, l = 1, ..., N (4.3)

σ(r)
∂u(r)

∂n
= 0, r ∈ ∂Ω\

⋃N
l=1 el (4.4)
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where r ∈ Rd is the position vector, σ(r) is the conductivity, u(r) is the potential, n is the normal
outwardpointing vector, el is the electrodes’ positions set, zl is the electrodes’ contact impedances, Ul is
the lth electrode voltage and Il is the current injected on the lth electrode.

4.2.2 TimeDifference EIT

In timedifference (dynamic) EIT imaging, we assume two consecutive states. The corresponding
computed boundary voltages’ vectors can be written as follows:

U (1) = [U1
1 U

1
2 ... U

1
Nm] ∈ RNm×1 (4.5)

and
U (2) = [U2

1 U
2
2 ... U

2
Nm] ∈ RNm×1, (4.6)

where m is the total voltage measurements acquired for each current injection electrode pair, according
to the selected measurement pattern [26]. Accordingly, we assume that two voltage data measurement
frames V (1) ∈ RNm×1 and V (2) ∈ RNm×1 are acquired from the EIT system. We then set the differ
ential voltage frames

δU = U (2) −U (1) (4.7)

and
δV = V (2) − V (1). (4.8)

Considering Gaussian noise en ∈ RNm×1 between the simulated boundary voltages and the mea
surements, we have

δV = δU + en. (4.9)

Furthermore, we assume σ(1)(r) and σ(2)(r) as the corresponding conductivity distributions, setting
the difference

δσ(r) = σ(2)(r)− σ(1)(r). (4.10)

If the finite element method (F.E.M.) discretization scheme is applied in Ω, we assume a number of
L elements and that each element i presents a constant conductivity σi.

Hence, we can write the following conductivity vectors:

σ(1) = [σ
(1)
i ]Li=1 ∈ RL×1 (4.11)

σ(2) = [σ
(2)
i ]Li=1 ∈ RL×1 (4.12)

δσ = [δσi]
L
i=1 ∈ RL×1. (4.13)

The general approach is to formulate the inverse problem as a weightedleast squares (WLS) mini
mization problem between δV and δU , adding a regularization term P (δσ) to stabilize the problem’s



Background 121

illconditioned nature, such that

F (δσ) = ∥δU − δV ∥2W + λ2P (δσ). (4.14)

δσ∗ = argmin
δσ∈RL

{
F (δσ)

}
, (4.15)

whereW ∈ RNm×Nm is a diagonal, noise covariance matrix and λ is the regularization hyperparameter.
The problem is to find the optimal δσ that minimizes F (δσ) in (4.14). From hereon, we assume that all
the measurement channels have the same noise; hence,W = INm.

4.2.3 SingleStep Linear Reconstruction

As mentioned in the introduction, EIT image reconstruction is a nonlinear problem, i.e., the relation
between U and σ(r) is nonlinear. However, assuming relatively small conductivity changes, and using
Taylor approximation around a linearization point σo, we can write

δU =
∂δU

∂δσ

∣∣∣
σo

δσ +O(∥δσ∥2) ≃ Jδσ, (4.16)

where J ∈ RNm×L is the Jacobian matrix around σo. In the simplest case (dimensionless electrodes), J
is computed according to the following formula [180]:

J i
dm =

∂δUdm

∂δσ
= −

∫
Ωi

∇u(Id) · ∇u(Im)dA, (4.17)

whereΩi denotes the ith element’s domain, d denotes the current injection differential channel andm de
notes the voltage measurement differential channel. The minimization function is then written according
to the following form:

F (δσ) = ∥Jδσ − δV ∥2W + λ2P (δσ). (4.18)

In this case, smoothL2 priors, such as the standard Tikhonov, the Laplace, the NOSER or the Gaussian
priors, are commonly utilized [30, 54, 55]. Hence, we can write

P (δσ) = ∥δσ∥2Q , (4.19)

whereQ ∈ RL×L is the prior matrix. The linearized problem has the following closedform solution:

δσ∗ =
(
JTWJ + λ2Q

)−1
JTWδV . (4.20)

This is the most commonly used linear EIT scheme.

4.2.4 Regularized Reconstruction Approaches

In this section, we perform a brief review of the regularizationbased linear and nonlinear approaches
used for the comparisons.
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(I) NonLinear Gauss–Newton (GN): The traditional nonlinear GN approach makes an iterative
estimation of conductivity change distribution to optimize

F (δσ) = ∥δU − δV ∥2W + λ2 ∥δσ∥2Q . (4.21)

An initial solution is taken from (4.20). Then, J , as well as δσ, are reestimated in each iteration
until convergence.

(II)Total Variation (TV):This nonlinear, iterative approach assumes that intense conductivity changes
occur between neighboring elements of Ω by applying L1norm priors. The functional to be minimized
is written as follows:

F (δσ) = ∥δU − δV ∥2W + λ2
Ned∑
i=1

√
∥Liδσ∥2 + β, (4.22)

where Ned is the total number of edges between the domain’s elements, and L ∈ RNed×L is a sparse
matrix which shows the relation between the elements and their edges. Li refers to the ith row of the
matrix L, and β > 0 is a parameter that prevents the nondifferentiability of the regularization term [60].
In terms of this paper, the primaldual interior point (PDIPM) TV method is adopted [59, 60, 61].

(III) Movement Prior: This approach, which was firstly proposed by [175] and furtherly developed
in [176], performs linear differenceEIT reconstruction while considering the electrodes’ movement ef
fect. The electrode movement δx ∈ RdN×1 is also estimated along with the conductivity change. To this
end, Tikhonov and Laplace priors have been proposed for the simultaneous estimation of δσ and δx,
properly modifying the Jacobian matrix J and the prior matrixQ [175, 176]. Apart from λ, a µ > 0 reg
ularization hyperparameter for the electrode movement prior is needed. In terms of this paper, both δσ

and δx estimations are performed using the Laplace prior, in the way described in [176]. This approach
has proven to reduce the artefacts caused by the electrodes’ movement and boundary changes and has
been exclusively developed for applications in dynamic lung imaging.

(IV) Difference of Absolute Images: In this approach, absolute, instead of difference, EIT reconstruc
tion is applied particularly for each measurement frame [181]. The problem’s objective functions are the
following:

F1(σ
(1)) =

∥∥∥U (1) − V (1)
∥∥∥2
W

+ λ2
∥∥∥σ(1)

∥∥∥2
Q
. (4.23)

and
F2(σ

(2)) =
∥∥∥U (2) − V (2)

∥∥∥2
W

+ λ2
∥∥∥σ(2)

∥∥∥2
Q
. (4.24)

Defining σ
(1)
∗ ∈ RL and σ

(2)
∗ ∈ RL as the obtained solutions from (4.23) and (4.24), respectively,

the final estimated conductivity change is simply obtained by

δσ∗ = σ
(2)
∗ − σ

(1)
∗ (4.25)

In this paper’s reconstructions, the minimization of F1 and F2 is performed by using the absolute GN
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nonlinear approach with a Laplace prior.
(V)Multiple Priors (NonLinear Difference Imaging—N.L.D.): This approach, proposed in [85, 151],

concatenates the voltage data measurement frames as follows:

V = [V (1)T V (2)T ]T ∈ R2Nm×1, (4.26)

and the computed boundary voltages as follows:

U = [U (1)T U (2)T ]T ∈ R2Nm×1, (4.27)

while it is assumed that conductivity changes occur in a particular region of interest (ΩROI ⊆ Ω), which
is discretized in LROI ≤ L elements, such that

σ(2) = σ(1) +MδσROI , (4.28)

whereM is an operator that maps δσROI with the domain’s elements. The following optimization prob
lem is defined:

F (σ) =
∥∥U − V

∥∥2
W

+ λ21

∥∥∥σ(1)
∥∥∥2
Q1

+ λ22

Ned,ROI∑
i=1

√
∥Li,ROIδσROI∥2 + β, (4.29)

where λ1 and λ2 are regularization hyperparameters, Ned,ROI is the total number of edges between the
ROI elements and Li,ROI ∈ RNed,ROI×LROI shows the relation between the ROI’s elements and their
edges. A smooth L2norm prior (prior matrixQ1) is used to estimate σ(1), while a L1norm prior is used
to estimate the local conductivity change δσROI . The solution σ∗ that minimizes (4.29) is achieved via
an iterational process. A linesearch to perform the updates is essential due to the problem’s high non
linearity.

It is worthwhile to mention that apart from these methods, many other approaches have been devel
oped for differenceEIT imaging. For example, the TSVD, a traditional linear approach, gives similar
results to (4.20) by performing thresholding SVD instead of regularization. Finally, a very wellknown
singlestep approach is the DBar, which uses a nonlinear scattering transform and lowpass filtering [77,
182, 183]. A comparison between DBar and regularized methods can be found in [80].

4.3 MethodofMoment with Sparse Bayesian Learning (PmMom SBL)

This section presents the proposed method as a combination of the PMMoM system matrix formu
lation and an SBL approach for the occurring inverse problem.

The PMMoM formulates a global integral equation (holding in the whole Ω) instead of using the
weak form of (4.1). It expresses the voltages and fields as Green’s functions and their gradients, respec
tively. The conductivity is nonlinearized in the integral equation, and, unlike the conventional F.E.M.
formulation, is not assumed to be a piecewise constant at each element. Instead, its logarithm is expressed
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as a summary of radial basis functions (RBFs) [179].

The governing integral equation takes the following form:

u(r; r+, r−)=

∫
Ω
G(r, r′)∇

(
lnσ(r′)

)
·∇uo(r′; r+, r−)dA+ uo(r; r+, r−), (4.30)

where G(r, r′) denotes the Green’s function set between an observation point r and a source point r′,
uo denotes the domain’s voltage distribution when the conductivity is constant (homogeneous with a
value σo) and r+, r− denote the electrode coordinates from where the current is sourced and sinked,
respectively. It is also found that

uo(r
′; r+, r−) =

I

σo
[G(r, r+)−G(r, r−)] . (4.31)

We then express the logarithm of conductivity as follows:

lnσ(r′) = ln(σo) +
L∑

j=1

cjθ(r
′, rj), (4.32)

where rj is the jth pixel’s center point. The RBF θ is selected according to the following generalized
form:

θ(r′, rj) = exp

(
−
∥r′ − rj∥p1/p2p1

2D2

)
, (4.33)

where p1 > 0 and p2 > 0 are integers (p1 even), andD is a parameter which adjusts the RBF’s width. By
discretizing (4.30), replacing the conductivity logarithm with (3.17) and taking the electrodes voltages’
differences, according to the measurement pattern adopted and the method described in [179], we are led
to a linear system of equations

Moc = δU , (4.34)

where Mo ∈ RNm×L is the system matrix, c = [cj ]
L
j=1 ∈ RL×1 is the weighting coefficients’ vector

and δU ∈ RNm×1 denotes the numerically expected electrode potentials’ differences. Adopting the
measurement model described by (4.9), we treat the inverse problem as a minimization of the following
WLS objective function:

F (c) = ∥Moc− δV ∥2W + λ2P (c). (4.35)

The minimization of (4.35) can be performed with the traditional L2 or L1norm regularized ap
proaches [179]. Unlike J , the matrix Mo occurs directly from the discretization of (4.30) without the
assumption of ln(σ(r′)) ≃ σ(r′)− 1 near σo. Hence, the expression of the boundary voltages as a func
tion of conductivity is more accurate, leading to a faster convergence of the inverse solution. We note that
the Green’s function G and its gradient can be separately precomputed either analytically for canonical
geometries or by using the F.E.M. or the finite difference method (F.D.M.) (at the same discretization
mesh as MoM) to solve the Laplace equation for the potential and the field for noncanonical geometries.

In this particular work, we make use of an SBL formulation [142] to minimize (4.35). To this point,
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we interpret the objective function in a Bayes loglikelihood context

FB(c) = ln p(δV |c) + λ ln p(c;Θ), (4.36)

whereΘ is a set of hyperparameters. Considering that c is a superposition of some clusters overlapping
each other with an equal size h, and g = L − h + 1 is the total number of clusters, the following
factorization is performed:

c = Ψx = [Ψ1, ...,Ψg][x
T
1 , ...,x

T
g ]

T , (4.37)

where xi ∈ Rh×1 andΨi =
[
0T(i−1)×h Ih×h 0T(L−i−h+1)×h

]T
∈ RL×h. The Gaussian noise model (4.9)

is approximated as
δV = Moc+ en = MoΨx+ en. (4.38)

We also define Φ = MoΨ ∈ RNm×gh. Furthermore, we assume that the weight vector x ∈ Rgh×1

obeys the following Gaussian distribution:

p (x; {γi,Bi}gi=1) = N (0,Σ0) (4.39)

with zero mean value andΣ0 ∈ Rgh×gh covariance matrix.
Considering the hyperparametersΘ = {γo, {γi,Bi}gi=1} and adopting the expectationminimization

(EM) method, as in [142], we get an a posteriori estimation of the weight vector’s x mean values vector
µx ∈ Rgh×1 and covariance matrix Σx ∈ Rgh×gh. Hence, we get a maximum a posteriori (MAP)
estimation of x. For clarity, we summarize the SBL process in Algorithm 1.

The updating rule for γi is based on the majorationminimization method [138, 184]. In addition,
instead of the linearized Jacobian matrix, we use the PMMoM Mo system matrix as an input in order
to limit the problem’s nonlinearity effect and avoid the necessity of recalculating J .

The SBL method shows increased robustness to noise and modeling errors, while the reconstruc
tion artefacts are minimized. Furthermore, unlike the traditional regularized schemes, the choice of the
hyperparameter h (number of clusters) slightly affects the reconstruction quality [142]. Hence, the cum
bersome and nontrivial process of hyperparameter selection is avoided. Moreover, the regular “moment”
grids used in PMMoM are suitable for performing sparsebased reconstructions. However, despite re
cent developments, the SBL methods are overall characterized by high complexity. For instance, the SBL
approach applied presents a complexity of O(N2m2gh) per iteration. Nevertheless, avoiding the search
process for optimal hyperparameters partially reduces the increased complexity effects. A simplified flow
chart of the whole PMMoM SBL, as well as an example of a domain’s clustering, are depicted in Figure
4.1. The SBL approach adopted in this particular paper is in the form used in [142]. However, some modi
fied SBL approaches using approximate message passing (AMP) to accelerate the Estep of the algorithm
have been researched for 3D imaging [143], frequencydifference EIT [146] and multiple measurement
vector (MMV) timesequence measurements [145]. Such techniques can also be appropriately combined
with the PMMoM in a similar manner.
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Figure 4.1: (a) Simplified demonstration of the PMMoM SBL method process. (b) Illustrative example
of a thoracic pixelized domain’s clustering structure

.
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Algorithm 1: Sparse Bayesian learning (SBL).
Inputs:Mo, δV , h, ϵmin, imax

Initialize: ϵ = 1, κ = 0, µx = 0gh×1, Σx = 0gh×gh, γ = diag(Ig×g) ∈ Rg×1,

γo = 0.01×

√√√√ 1

Nm− 1

Nm∑
j=1

|δVj − δV |2, Bi = Toeplitz
([
1, ζ1, ..., ζh−1

])
, ζ = 0.9, Ψ,

Σ0 =

 γ1B1 ... 0h×h

... ... ...

0h×h ... γgBg

, Φ = MoΨ, Σu = γoINm×Nm +ΦΣoΦ
T , B̃i = Bi.

LOOP:
While ϵ > ϵmin and κ ≤ κmax do
1. µx := ΣoΦ

TΣ−1
u

2. Σx := Σ0 −Σ0Φ
TΣ−1

u ΦΣ0

3. γo :=
1

Nm

(
∥δV −Φµx∥22 +

g∑
i=1

tr
(
Σi

xΦ
T
i Φi

))

4. γi := γi ·
∥∥√BiΦ

T
i Σ

−1
u δV

∥∥
2√

tr
(
ΦT

i Σ
−1
u ΦiBi

) , for each cluster i ∈ {1, ..., g}.

5. B̃i := B̃i +
1

γi

(
Σi

x + µi
x

(
µi
x

)T), for each cluster i ∈ {1, ..., g}.

6. r̃i :=
diag

(
B̃i, 1

)
diag

(
B̃i

) , for each cluster i ∈ {1, ..., g}.

7. ri := sign(r̃i) ·min{|r̃i|, 0.99}, for each cluster i ∈ {1, ..., g}.
8. Bi := Toeplitz

([
r0i , ..., r

h−1
i

])
, for each cluster i ∈ {1, ..., g}.

9. Update Σ0 and Σu.

10. ϵ =
∥µnew

x − µprev
x ∥2

∥µnew
x ∥2

11. κ := κ+ 1

End
Output: c∗ = Ψµx

Estimate σ(r) using (3.17) and (3.16).

4.4 Evaluation Methods

In this section, the thoracic structures’ extraction and the corresponding tissues’ electrical properties
are demonstrated. In addition, the evaluation metrics, including GREIT FoMs with minor modifications,
the Pearson CC, the RMSE and the recently proposed FR are briefly explained. Finally, an in vivo
online available dataset demonstrating a subject’s fullbreath cycle is briefly described.
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4.4.1 Thoracic Structures

To examine and compare the previously described algorithms’ performance in dynamic imaging, we
have created 3 3D fine F.E. thoracic structures based on 3CTimages of 3 corresponding different healthy
adult male subjects. The CT images were taken between the third and the fourth intercostal levels and
are included in a large medical database which is available online in [185]. The 3D models have been
created in MATLAB using the EIDORS and the NETGEN software [72, 186] and include the following
tissues: left lung, right lung, heart, vertebra and skin, while muscle is assumed to be the background.

For each structure, 5 breathcycle states have been considered from endexpiration (deflated) to end
inspiration (inflated). Hence, a total number of 15 F.E. models have been created, demonstrating 3 sub
jects’ cases in 5 breathcycle states. Each state presents chest boundary changes (a total change of 5–8%
of the chest’s width) and lung shape changes (total expansion 10–15% of the lungs’ width at the inflated
state) [151]. The lungs’ admittance changes between the states have also been considered.

The tissues’ admittance values are loaded from an opensource database, demonstrated in [187, 188,
189]. All admittance values depend on the selected current signal frequency f in which the EIT measure
ments are performed, while the lungs’ admittances also depend on the breathing state. For this particular
work, we assume f = 100 kHz, which is in the range of the current frequencies used for dynamic lung
imaging. This is actually a common frequency choice for such applications [171, 190, 191]. Nevertheless,
higher frequencies, such as those applied in highperformance modern EIT systems [21, 171], can be also
considered. Furthermore, to take into account each tissue’s inhomogeneity, the following standard devia
tions (std) of the admittance values assigned to each tissues’ elements have been taken into account: 1%
for the skin, 2% for the heart and the muscle background and 3% for both lungs. These values fall within
the range depicted in the mentioned database.

The conductivity and permittivity values assigned to each tissue at 100 kHz, as well as their std are
shown in Table 4.1. For the lungs, the deflated and inflated states’ values were taken from [187, 188,
189]. To find the intermediate states’ values, we firstly assumed that the lungs’ volumes increase linearly
over time during the inhalation process [192]. A relative (arbitrary unit—A.U.) volume has been defined
as follows:

Fi =
3

P + 1
i+

3

P − 1
+ 4, for 1 ≤ i ≤ P, (4.40)

where P is the total number of states from endexpiration to the endinspiration. In our case, P = 5. In
actuality, the lungs’ volume change is more complex and heavily depends on each particular breath. The
main changes in the lungs’ admittance occur due to the airflow. The lungs’ conductivity as a function of
their volume can be expressed by [192, 193]

σl = K1

(
0.85sb
w

+ 0.03si

)
32F + 4.5

(32F + 9)2
+K2, (4.41)

where sb, w and si are lung morphological parameters described in [193], with their values selected to
be sb = 0.5, w = 1.5 and si = 2. In addition, K1 and K2 are coefficients used to scale the lungs’
conductivity between the known values and endinspiration and endexpiration. The permittivity of the
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lungs is correspondingly defined as [193]

ϵl = L1

(
0.85erb
w

+ 780F 1/3erm

)
32F + 4.5

(32F + 9)2
+ L2, (4.42)

where erb and erm are also lung morphological parameters described in [193], with their values selected
at erb = 104 and 10, respectively. Furthermore, L1 and L2 are scaling coefficients. We note that blood
cycle related changes have not been taken into consideration, since theHR frequency is 3–6 times higher
than the breath frequency.

Table 4.1: Assigned conductivity and permittivity values to the thoracic models’ tissues for f = 100kHz,
according to [187, 188, 189], and (4.41)(4.42). The admittance is estimated as γ = σ + jωϵϵo.

Tissue σ at 100kHz (S/m) ωϵϵo at 100kHz
(F · Hz/m)

Heart 0.215 ± 0.004 0.0548 ± 0.001

Deflated Lung 0.272 ± 0.003 0.029 ± 0.001

Lung State 2 0.225 ± 0.003 0.019 ± 0.001

Lung State 3 0.179 ± 0.003 0.017 ± 0.000

Lung State 4 0.145 ± 0.002 0.029 ± 0.001

Inflated Lung 0.107 ± 0.002 0.014 ± 0.000

Bones 0.021 ± 0.000 0.001 ± 0.000

Skin & Fat 0.045 ± 0.000 0.043 ± 0.000

Muscle (backrgound) 0.380 ± 0.008 0.024 ± 0.001

In each case (1–3), the boundary extracted from the corresponding CT image is used as a crosssection
to create the 3D F.E. structure. For each structure, a height of h = 1 A.U. has been considered, while the
xaxis limits have been normalized between −1 and 1 A.U. A number of N = 16 circular electrodes of
radius Rel = 0.05 A.U. have been placed at the z = 1/2 A.U. level. In addition, an electrode position
error has been added: 5% height std and 3% angle std, since this is a more realistic case.

The thoracic structures are demonstrated in Figures 4.2–4.4. Their boundary and lungs’ shape changes
are demonstrated at the crosssection level in Figure 4.5. Finally, the numbers of each model’s tetrahedral
elements and nodes are shown in Table 4.2.

To simulate the measurements, the adjacent (skip0) current and voltage measurement pattern was
considered [26, 27], while a Gaussian noise of−50dB SNR was added to the extracted raw signals. The
EIDORS library tool in MATLAB was used to perform the simulations [72].
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End-Expiration 1/4 Fill 1/2 Fill

3/4 Fill End-Inspiration

|γ|

Figure 4.2: The 3D F.E. structure for the 1st subject case in 5 breath cycle states.
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Figure 4.3: The 3D structure for the 2nd subject case in 5 breath cycle states.

End-Expiration 1/4 Fill 1/2 Fill

3/4 Fill End-Inspiration

|γ|

Figure 4.4: The 3D structure for the 3rd subject case in 5 breath cycle states.
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Boundary Median States

CASE I CASE II

CASE III

Figure 4.5: Crosssectional boundary and lung shape changes from the endexpiration to the end
inspiration states. The extracted shapes were used to create extruded 3D models using NETGEN.

Table 4.2: Number of tetrahedral elements and nodes per each 3D thoracic F.E. model.

Model No of Elements (Le) No of Nodes (ne)

Case I, deflated state 133529 27328
Case I, state 2 139486 28374
Case I, state 3 139798 28433
Case I, state 4 142070 28814

Case I, inflated state 146000 29542

Case II, deflated state 144329 29125
Case II, state 2 147838 29815
Case II, state 3 146871 29688
Case II, state 4 149887 30219

Case II, inflated state 150775 30359

Case III, deflated state 158855 31791
Case III, state 2 158392 31768
Case III, state 3 159185 31937
Case III, state 4 159550 31984

Case III, inflated state 160349 32159
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4.4.2 Reconstruction Domain

When the EIT image reconstruction is performed using simulated models, we need to avoid inverse
crime. This occurs when the simulated model’s and the reconstruction domain’s mesh or boundary is
equal [155]. Instead, the reconstruction needs to be performed on a significantly different mesh, usually
coarser than the simulated model’s one.

In this work, all the image reconstructions are performed on a 2D coarse thoracicshaped domain,
called Ω, which presents a different boundary than any of the original model’s boundaries. For the FEM
based reconstruction approaches, the domain contains L = 1024 triangular elements and ne = 545

nodes. The shunt electrode model has been assumed to simulate the electrodes’ effects [22, 23]. Further
more, for the PMMoM reconstructions, a L = 1060 uniform pixel grid has been used, considering the
electrodes as points [24]. The reconstruction domain for the two discretizations is shown in Figure 4.6.

Figure 4.6: Reconstruction domain Ω used for the EIT imaging. Left: F.E. mesh. Right: MoM mesh.

4.4.3 Reference Image Extraction

In order to perform a quantitative evaluation of EIT imaging, a corresponding “ground truth” ref
erence image has to be defined on the reconstruction domain Ω. However, the simulated models have
completely different shapes and discretization meshes compared to Ω in both the standard FEM and
MoM reconstruction cases. In order to “match” the simulated models with the reconstruction domain,
the approach presented in [194] is adopted.

This approach considers that the simulated models’ shape in all three cases is not constant, as well
as that differenceEIT imaging is performed. Hence, we firstly get five absolute reference images, each
one representing a particular state. Then we take the differences between the 2nd–5th images and the 1st
“reference frame”, resulting in 4 reference images.

Each “true boundary” domain Ω̃k,l, k = {1, 2, 3}, l = {1, 2, ..., 5} is extracted from the 3D models’
electrodes’ crosssection plane. Then, we scale Ω and each Ω̃i,j in the xaxis by normalizing its limits
between −1 and 1. We secondly define Ai as the Ω ithelement’s/pixel’s area, with i = {1, 2, ..., L}.
Then, the percentage ofAi which is within the curves defined by the following six tissues, left lung, right
lung, vertebra, heart, skin and muscle, is expressed as a weight vector,

wi
k,l = [wi

j,k,l]
6
j=1 ∈ R6×1

+ , (4.43)
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for the kth case and lth state. At this point, we define the vector

γt,l = [γj,l]
6
j=1 ∈ C1×6, (4.44)

which represents the mean admittances for each one of the 6 mentioned tissues at the lth state. Then,
the ith element’s or pixel’s reference admittance is estimated as follows:

γr,k,l,i = γt,l ·wi
k,l ∈ C. (4.45)

The kth case, lth state (absolute) reference admittance vector is then defined as

γr,k,l = [γr,k,l,i]
L
i=1 ∈ CL×1. (4.46)

For each image frame, we get the following difference reference admittance vector:

δγr,k,l+1 = γr,k,l+1 − γr,k,1, (4.47)

where δγr,k,l+1 ∈ CL×1 for l = {1, 2, 3, 4}, assuming the kth case.
A simple example of this process and the F.E.M. reference images for k = 1 are demonstrated in

Figure 4.7.
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Figure 4.7: Visual example of the reference images’ extraction for the 1st thoracic case (k = 1). Left:
example of the absolute admittance extraction of the i1th and i2th elements when in an inflated case
(l = 5). Right: the difference image reference frames for case k = 1 when F.E.M. is applied. Only the
conductivity difference (real values) is expressed in the legend.

4.4.4 Figures of Merit

To quantitatively evaluate the EIT reconstructions, we use the following five GREIT FoM: target
amplitude—TA, position error—PE, shape deformation—SD, resolution—RES and ringing—RNG

[71]. These have been properly adapted to the examined thoracic cases. Furthermore, theCC, theRMSE

and the FR metrics are applied.

Target Amplitude—TA

Assume δσ∗ ∈ RL×1 isthe conductivity difference estimated from the EIT reconstructions. The TA
can be defined as the normalized summary of elements’/pixels’ amplitudes in the image,

TA =

∑L
i=1 δσ∗,i

max {|δσ∗,i|}
. (4.48)

TA is a FoM similar to the amplitude response—AR, which is considered to be the most important
GREIT FoM [71]. Its absolute value should be relatively low and stable during the breath process. When
admittance values are reconstructed, TA can be estimated by taking only the real values.

Position Error—PE

The position error—PE—shows the precision of the reconstructed inclusions’ center of gravity. In
our case, we define the right and the left lung as the corresponding inclusions. Then, we get two PE
values:

PELL = |rtLL − riLL|, (4.49)
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for the left lung, where rtLL is the true center of the left lung and riLL is the reconstucted left lung’s
center, and

PERL = |rtRL − riRL| (4.50)

for the right lung, where rtRL is the true center of the right lung, and riRL is the reconstucted right lung’s
center. The total PE is given by

PE = PELL + PERL. (4.51)

To detect an inclusion as “lung”, we first filter the reconstructed image, setting all the elements’/pixels’
absolute values that are below a selected threshold (−1/4 of the maximum absolute value) to zero and
all nonzero values to 1. We denote xf ∈ RL×1 as the filtered image conductivity distribution, where

xfi =

{
1 if δσ∗,i ≤ −1/4max {|δσ∗|}
0 otherwise

(4.52)

Secondly, the left and right lung inclusions are separated in the reconstructed image with a yaxis
line, as shown in Figure 4.8.

Reconstructed Inclusions' Centers

True Lungs' Centers
True lungs' Boundaries

Reconstructed Image Filtered Image

y-axis separator

Figure 4.8: Reconstructed EIT image filtering and detection ofPE.Left: raw reconstructed image includ
ing the true lungs’ boundaries (for the corresponding 3D model’s crosssection). Right: filtered image
including true and reconstructed lungs’ centers.

Shape Deformation—SD

Shape deformation—SD—denotes the percentage of the reconstructed and filtered inclusion which
is not within the “true lung’s” boundary. Assume LL andRL are the “true” left and right lungs’ domains,
respectively. If xf is the filtered reconstructed image conductivity distribution, we get

SDLL =

∑
i/∈LL xfi,leftAi∑
i∈LL xfi,leftAi

(4.53)
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for the left lung and for each element/pixel left from the yaxis with an area Ai (see Figure 4.8). For the
right lung we have

SDRL =

∑
i/∈RL xfi,rightAi∑
i∈RL xfi,rightAi

(4.54)

for each element/pixel right from the yaxis with an area Ai.

The total SD is given by

SD =

∑
i/∈LL xfi,leftAi +

∑
i/∈RL xfi,rightAi∑

i∈LL xfi,leftAi +
∑

i∈RL xfi,rightAi
. (4.55)

SD should also be low and stable.

Resolution—RES

If ALL represents the reconstructed left lung inclusion’s area, ARL is the reconstructed right lung
inclusion’s area and Ao is the Ω area, the resolution—RES—is given by

RES =

√
ALL +ARL

Ao
. (4.56)

We can estimate ALL and ARL from the following expressions

ALL =
∑
i∈LL

xfi,leftAi (4.57)

and
ARL =

∑
i∈RL

xfi,rightAi, (4.58)

RES should be low and uniform [71].

Ringing—RNG

Ringing—RNG—demonstrates whether the reconstructed inclusion causes areas of opposite sign
near the target inclusion. It is given by

RNG =

∑
i/∈LL&i/∈RL&δσ∗,i<0 δσ∗,i∑
i∈LL δσi +

∑
i∈RL δσ∗,i

. (4.59)

RNG is an important GREIT FoM, since in dynamic lung image reconstructions, conductive areas often
appear between the lungs that are sometimes wrongly recognized as “heart” [71]. It should also be low
and as stable as possible.

Apart from the above GREIT parameters, we also apply the following FoM.
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Pearson Correlation Coefficient—CC

The Pearson correlation coefficient—CC—is one of the most common metrics that quantify an im
age’s quality. It indicates the similarity between a “ground truth” reference image and the reconstructed
image. It is given by

CC =
Cov(δσ∗, δσr)

std(δσ∗)std(δσr)
, (4.60)

where δσr = Re{δγr} for each particular case k and state l.

Root Mean Square Error—RMSE

An additional FoM used for the image evaluation is the wellknown RMSE, which is estimated
according to the following formula:

RMSE =

√∑L
i=1 (δσr,i − δσ∗,i)

2

L
. (4.61)

Full Reference—FR

This metric was recently proposed as a universal FoM for EIT systems’ evaluation on the recon
structed images [195]. It has been extensively presented and applied in phantom experimental setups.
However, this is the first time that FR is applied in dynamic thoracic models.

To estimate FR, the normalization of the reference images δσr and the reconstructed images δσ∗

(element/pixel) data between −1 and 1 needs to be performed. We define as EDref ∈ RL×1 the nor
malized reference image data andEDtest ∈ RL×1 the normalized reconstructed image data.The global
FR (GFR) is defined as follows:

GFR = 0.5 ·
L∑
i=1

|EDrefi − EDtesti|. (4.62)

We also define the local FRs for the left and the right lungs, respectively, as

FRLL = 0.5 ·
∑
i∈LL

|EDrefi − EDtesti| (4.63)

and
FRRL = 0.5 ·

∑
i∈RL

|EDrefi − EDtesti| (4.64)

Both local and global FR indicate a highquality reconstruction when they take low values.

4.4.5 In Vivo Data

A qualitative comparison is attempted using online available in vivo EIT data [72]. This data consists
of 34 data frames of a single breath cycle captured by the 16electrode serialdata EIT Scanner [196]
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using the adjacent current and voltage measurement pattern. This system performs demodulation of the
input signal with an AM signal of a higher order of magnitude frequency than that of the electrode voltage
signal. The injected current frequency (carrier) signal was set at 65 kHz. Since differenceEIT imaging
is performed, the first frame is used as reference, resulting in 33 image reconstructions.

4.5 Results and Discussion

Image reconstructions were performed for the 3 structures presented in 4.4.1, considering each one
of the 5 mentioned breathing states and resulting 4 images per structure. Reconstructions were also per
formed for the in vivo data described in 4.4.5, resulting in 33 EIT images. The regularization scheme
based approaches described in Section 4.2.4, the MoMregularized approach, as well as the proposed
MoM SBL approach described in Section 4.3 were used. Particularly for the multiple priors difference
nonlinear approach (N.L.D.), we consider that the ROI where δσROI occurs is equal to Ω, since the
“lungs” area covers a significant part of Ω [151].

For all cases, the reconstruction hyperparameter λ value, as well as the µ, β and h parameters’ val
ues (for the movementprior, TV and PMMoM SBL reconstructions, respectively) were heuristically
selected, as shown in Table 4.3. The selection of λ was performed in such a way that CC is maximized.
Although some methods for the λ selection, such as the Lcurve, the noise figure (NF) and the BestRes
calibration methods [71, 197], have been proposed, this process is beyond this work’s scope. Finally,
for the PMMoM SBL, we set the maximum number of iterations κmax to 5 and the minimum tolerance
ϵmin to 10−5.

Table 4.3: Selection of reconstruction parameters per algorithm

Algorithm λ µ β h

Movement Prior 8 · 10−3 1.42 − −

GaussNewton (GN) 8 · 10−3 − − −

Total Variation (TV) 10−6 − 10−3 −

Difference of Absolute Images 5 · 10−2 − − −

Multiple Prior (N.L.D.) λ1 : 5 · 10−5

λROI : 8 · 10−5

− 10−3 −

PMMoM Laplace 0.2 − − −

PMMoM SBL − − − 4

4.5.1 Simulation Results

The resulting image reconstructions and the FoM values demonstrating the simulated cases are de
picted in Figures 4.9–4.14. Specifically, the image reconstructions that represent each one of the structures
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1–3 are shown in Figures 4.9, 4.11 and 4.13, respectively. We define the reference image extracted ac
cording to the process described in 4.4.3 as the ”true” image. Furthermore, the corresponding FoM values
obtained are demonstrated in Figures 4.10, 4.12 and 4.14, respectively.

A visual inspection of the images which resulted from the 1st structure (Figure 4.9) shows that the
airfilled lungs are successfully detected from all the approaches. However, the lungs’ shape and area
is deformed, while “pseudoheart” and boundary artefacts often appear. Such effects are less intense in
the MoM Laplace and the MoM SBL cases. As we proceed to the fullinhalation state, the conductivity
contrast increases, resulting overall in increased absolute TA, PE and sometimes RNG (Figure 4.10).
At the same time, both local and global FR decrease, while nonsignificant changes occur at the RES,
SD and CC. The RMSE value remains almost constant for all the approaches, except for the TV ,
where it decreases. Comparing the metric values for each algorithm, better results are obtained by the
PMMoM SBL approach, which shows the lowest and most uniform absolute TA, the lowest PE,RES,
SD, RMSE and GFR and the highest CC, followed by the PMMoM regularization approach.

The images obtained from the simulations of the second structure (Figure 4.11), which is characterized
by closer distance between the lungs, show almost all the artefacts near the boundary instead of between
the lungs. The PMMoM SBL method also shows less intense artefacts, while, along with the regularized
PMMoM and the multiple priors N.L.D. approach, achieving the best CC and lower RMSE, local and
GFR values (Figure 4.12). The proposed method also achieves the lowest absolute and most constant
TA,RES and SD. However, the best local FR levels are extracted from the N.L.D, while the PMMoM
shows an increased RNG metric.

The third case results in Figure 4.13 are characterized by overestimation of the airrelated conductiv
ity change near the chest. This occurs due to the presence of lung tissue very close to the chest boundary,
as the EIT measurements are sensitive to conductivity changes near the boundary [198]. A visual com
parison of the images in Figure 4.13 indicates that the PMMoM SBL method has the best performance,
an absence of “positive conductivity change” artefacts and less lung deformation. Considering the quan
titative results, the PMMoM SBL approach achieves the lowest PE, RES, SD and RMSE (Figure
4.14). Although the best TA, RNG, CC and GFR are demonstrated by the GN, N.L.D, N.L.D. and the
regularized PMMoMmethods, respectively, the PMMoMSBL shows the most constant TA, acceptable
levels of RNG, a CC which is close to the best one, and the secondlowest GFR.
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Figure 4.9: Reconstructed EIT images (conductivity differences) for the first case.
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Figure 4.10: FoM results for the first case.
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Figure 4.11: Reconstructed EIT images (conductivity differences) for the second case.
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Figure 4.12: FoM results for the second case.
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Figure 4.13: Reconstructed EIT images (conductivity differences) for the third case.
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Figure 4.14: FoM results for the third case.

4.5.2 In Vivo Results

The in vivo EIT reconstructed images that demonstrate a subject’s single breath, as described in 4.4.5,
are shown in Figures 4.15–4.18. In particular, Figure 4.15 shows the reconstructed images using the GN
and TV approaches, reviewed in 4.2.4. Figure 4.16 shows the reconstructed images using the movement
prior linear approach, Figure 4.17 depicts the reconstructed images using the difference of absolute images
and the multiple priors nonlinear difference imaging (N.L.D.) approaches and Figure 4.18 demonstrates
the regularized and SBL PMMoM reconstructed images.

A qualitative observation of the images leads to the outcome that all the approaches, except for GN,
are able to detect the fullinspiration state. However, the presence of ringing is significant near the centre
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(between the lungs) in the movement prior, GN and N.L.D. approaches. This might lead to misleading
conclusions about the presence of “heart” tissue between the lungs, as mentioned above. In fact, the heart
tissue is not directly detectable in difference EIT imaging, since its conductivity does not significantly
change during the breath cycle. In addition, any bloodcyclerelated conductivity changes are synchro
nized with the heart rate HR, while the “pseudoheart” inclusion is synchronized with the breath cycle.
Meanwhile, the TV, difference of absolute images and both PMMoM approaches demonstrate boundary
“positive conductivity change” artefacts which are related to the mismatch between the patients’ thoracic
shape and ∂Ω. This effect is less intensive in the regularized PMMoM, PMMoM SBL, the difference of
absolute images and the TVmethods, which overall perform better than GN, N.L.D. and movement prior.
However, the TV method appears to underestimate the lungs’ area in relation to the total thoracic area.
We also observe that the inequality between the lungs’ volumes is successfully detected by most of the
approaches (except for TV), but is more clear when enacting PMMoM (regularized or SBL), difference
of absolute images and N.L.D.
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Figure 4.15: Single–breath in vivo results using the GN and TV approaches.
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Figure 4.16: Single–breath invivo results using the movement Laplace prior approach.
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Figure 4.17: Single–breath in vivo results using the difference of absolute images and multiple priors
nonlinear difference imaging approaches.
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Figure 4.18: Single–breath in vivo results using the PMMoM with Laplace regularization prior and the
PMMoM SBL approaches.

4.5.3 Discussion

In this work, a proposed EIT reconstruction method, which combines PMMoM for the system ma
trix formulation and SBL for the inverse problem solution, is applied to dynamic thoracic imaging. A
number of evaluation criteria is adopted, and an extensive comparison is performed with numerous state
ofthe art approaches. Qualitative and quantitative studies have been performed on 3D timevariant non
homogeneous thoracic models. In vivo imaging of a patient’s fullbreath cycle has also been applied.

The qualitative results both in the simulation (Figures 4.9, 4.11 and 4.13) and the in vivo studies
(Figures 4.15–4.18) reveal that, overall, the proposed PMMoM SBL approach shows a better spatial
resolution than both the traditional and some more advanced linear and nonlinear EIT reconstruction
methods, as well as the regularized PMMoM method. This is confirmed quantitatively in Figures 4.10,
4.12 and 4.14 for the simulated cases. In all three subjectcases, the PMMoM SBL outperforms the other
approaches in most of the FoMs.

It is worthwhile to mention that, of the other approaches, the regularized PMMoM appears to be the
most efficient. In addition, the more recently proposed movement prior, difference of absolute images
and multiple priors N.L.D. apaproaches appear to outperform the traditional GN and TV methods.

Considering the time needed for the reconstructions, the best performance (about 50 ms per frame)
is achieved by the regularized PMMoM when using the Laplace L2norm prior with a single step. The
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movement prior linear approach needs about the same amount of time per reconstruction, while the non
linear GN and TV methods need significantly more time (about 4 to 6 seconds, depending on the number
of iterations needed). Due to the relatively high complexity of SBL (O(N2m2gh) per iteration), the PM
MoM SBL approach needs, on average, 5.6 s per image frame reconstruction, when h = 4, N = 16,
m = 13, g = 1055 and the number of iterations is 5. However, despite the time needed for PMMoM
SBL, the hyperparameter selection process, which is usually timeconsuming, is avoided, contrary to the
regularization approaches. Finally, the difference of absolute images as well as the multiple priors N.L.D.
approaches require significantly longer times to reconstruct the images. The times mentioned above have
been achieved using an AMD Ryzen 5 3600 system.

In conclusion, the PMMoM SBL approach outperforms the regularized MoM one regarding the
images’ quality and spatial resolution. Additionally, there is no need for hyperparameter selection, which
partially reduces the SBL process complexity effect on execution time. The PMMoMSBL can be directly
applied either for offline imaging (after collecting the measurements) or online on particular breath states
where the lung conductivity change is significant. Another choice for faster online imaging is to reduce
either the maximum number of iterations κmax or tolerance ϵmin (see Algorithm 1). It is worthwhile
to mention that further research on optimizing the SBL approaches’ complexity, as well as evolution in
hardware, might improve the total time needed per image reconstruction.



5
Hardware Design Methodology

for Electrical Impedance
Tomography and Its

Applications

EIT is an imaging technique which in the mathematical point of view faces an illconditioned inverse
problem. This means that image reconstruction is sensitive to any signal noise or distortion. Therefore,
it is obvious that a properly functioning hardware setup, characterized by appropriate specifications is
essential for a successful EIT imaging. However, the design and implementation of such a system is not
a simple process; many requirements and tradeoffs presented make this process challenging. In fact, the
specific requirements of an EIT system are depended on the application targeted to. For instance, lung
airflow related impedance change monitoring, or the imaging of cardiac bloodcycle related impedance
variations require high frame rate timedifference EIT systems, while the detection of malignant tissues
requires wideband, highSNR frequencydifference EIT setups. This chapter reviews EIT hardware
design methodologies, implemented generic and application targeted EIT systems.

5.1 Basic EIT Hardware Principle

In EIT an alternating current is injected in a SUT through an electrode array, while electrode voltages
are measured at the same time. The measurements are usually performed in a tetrapolar way, while the
current inject and voltage measurement channel sequence depends on the measurement pattern adopted
(see 2.1.2, [26] and [27]). From the above, it is obvious that the fundamental parts of an EIT hardware
setup include the current source, one or more voltage amplifiers, a multiplexing system for channel/elec
trode selection and a digital control unit. Specifically, the current source usually produces one or more
sinusoidal signals; which frequency and amplitude are digitally controlled from a direct digital synthesizer
(DDS). The DDS in a simple consideration includes a phase accumulator [199] and a digitaltoanalog
converter (DAC). The analog multiplexing system is also digitally controlled, and each time, at least two
electrode pairs are selected: one for the current sourcing and sinking and one for the differential voltage
measurement. The voltage recording circuitry overall includes one or more instrumentation amplifiers
and buffers, a programmable gain amplifier (PGA) and some usually wideband filters. For a proper EIT
reconstruction, the voltage data should contain information about both the channels potentials’ ampli
tudes and phases. The inphase (I) and quadrature (Q) voltage output components are obtained through
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I − Q demodulation and a matched low pass filter. This part can be either implemented in the analog
or in the digital domain. In all cases, an analogtodigital converter samples the output voltages either
nondemodulated or demodulated and the raw sampled data is processed in the digital domain. The final
data is sent to a PC processor for the image reconstruction process. A brief block diagram of a typical
EIT system, with the demodulation process performed in the analog and the digital domain respectively
is shown in Fig. 5.1. It is noted that many changes in the stages’ structure are observed between different
EIT implementations and applications.
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Figure 5.1: Typical EIT hardware setups with: a) digital demodulation b) analog demodulation
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5.2 Current Source

The current source is a fundamental EIT system circuitry part, since it implies an appropriate alter
nating current to the electrodes in order to perform tetrapolar measurements. This current should satisfy
three conditions: A) to be safe for the patient (in case of medical applications), B) to carry as low noise
as possible and C) not to suffer from distortion, e.g. due to common signal effects. The necessity for ful
fillment of such constraints induces that the design and implementation of a properly functioning current
source is not a strainforward process.

5.2.1 General Properties

As mentioned above, first of all, the alternating current amplitude should be safe for the patients. The
maximum current amplitude permitted, according to the IEC 606011 standards, depends on the selected
frequency and is defined as follows [200]:

Imax(Arms) =


100µ f < 1kHz
100f ·10−6

1kHz 1kHz ≤ f ≤ 100kHz

10m f ≥ 100kHz

 (5.1)

The presence of noise in a current source is unavoidable, since all the possible topologies used consist
of active and resistive components, causing flicker and thermal noise respectively. Very little particular
analysis on current drivers’ noise exists (i.e. [201], [202]), since the produced noise, alongwith the biolog
ical sources’ noise, is considered as an input one in the voltage acquisition chain analysis part [169],[170]
and can properly be filtered.

However, any signal distortion caused by other sources is crucial in this part, since it cannot be fully
compensated in the voltage recording circuit. The commonmode voltage is a fundamental source of signal
distortion which needs to be minimized in the current source stage. To this end, EIT systems’ current
drivers have to be characterized by fully differential outputs. In this case, commonmode voltage tends
to be rejected during voltage measurements [200], [203]. Indeed, the commonmode voltage presents
significantly higher amplitudes when singleended output current drivers are employed.

However, it is difficult to compensate any mismatches between the source and sink output of of a
fullydifferential current driver. These mismatches also cause significant common voltages, proportional
to the current mismatch and the current source’s output impedance. A visual demonstration of such effect
is shown i Fig. 5.2.We assume that a∆I current mismatch between the source and the sink is present. The
current∆I flows to the ground through the current source’s output impedance (Zo1 and Zo2) and through
the instrumentation amplifier’s input impedance or the multiplexers’ stray capacitances (Zc1 and Zc2).
Note thatZL1,ZL2,ZL3 denote the load impedances for the tetrapolar measurement andZe1,Ze2,Ze3 and
Ze4 denote the electrodes’ contact impedances. The current ∆I results at a common signal between the
instrumentation amplifiers’ inputs which is not totally rejected, especially at higher frequencies, causing
signal distortion. It the simple case of a bipolar measurement the common signal generated is Vcm =

∆Iro/2.
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Figure 5.2: Tetrapolar measurement principle and current mismatch effect.

In some custom bioimpedance current driver designs, ultra low tolerance resistors (see Howland cur
rent pumps below) and a passive ground electrode on the object’s surface are used in the setup to reduce
the common signal effects. However, a more systematic solution is to employ a common mode feed
back circuit. This can actually be applied as a slave circuit at the sink part of the current driver. Some
implementation examples presented in recent literature are described in the next subsection.

5.2.2 Current Source Implementations

The current sources applied in EIT systems can be categorized as voltagemode and currentmode
ones [204]. The voltagemode approach is characterized by the current generation through the voltage in
one or more of the active circuit’s nodes. Such topologies include the wellknown Howland current pump
(HCP) [204, 205, 206, 207, 208, 209], the Tietze topology [210], the loadintheloop topology [211],
and differentialdifference topologies [212, 213, 214]. Currentmode approach makes use of operational
transconductance amplifiers (OTAs) [20, 200, 215, 216] or current conveyors (CCII) [205, 217, 218] for
the current excitation. In all cases, the load driven by the output current can be either grounded or floating.

The implementation of HCPs is usually simple and can be done with commercially available ac
tive components (operational amplifiersOpamps), while the implementation of differentialdifference
and currentmode topologies necessitates transistorlevel fabrication. Thus, although the latter topologies
may offer better performance in terms of the main VCCS evaluation characteristics (large and stable
transconductance, large output impedance, large bandwidth, and low Total Harmonic DistortionTHD),
the availability of discrete active components, makes the HCPs preferable for the implementation of pro
totype bioimpedance measurement circuits [204].

The basic HCP topology was introduced in 1963 [212]. However, many improvements have been
proposed and applied since then. Most of them present topologies based on the Enhanced HCP [219],
with ground or floating loads and singleended or mirrored topologies [205, 208, 220, 221] (see Fig
ure 5.3).
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Figure 5.3: Discrete component current source configurations. (a) The Enhanced HCP (singleended). (b)
The modified buffered HCP (singleended). (c) Current Conveyor based on the AD844 (Bragos CCII).
(d) Current Source based on the AD830 differential differenceamplifier (Analog Devices, mirrored).

Further improvements, such as buffered positive feedback [222], as in Figure 5.3, leadlag compensa
tion [223, 224, 225], HCP followed by loadintheloop topology stage [224], and bridge topologies [226].

The HCP’s bandwidth often suffers from degradation at even medium frequencies due to the com
ponents’ and cables’ parasitic effects. Specifically, despite the fact that most of the proposed topologies
offer wideband current excitation, in practice, their performance is critically limited by the parasitic ca
pacitances of the electrodes’ lead wires. Some techniques have been applied to eliminate their effect.
These include the usage of triaxial or shielded cables with buffers [227, 228], the usage of negative
impedance circuits (usually implemented with generalized impedance convertersGICs) [156, 228, 229],
or the usage of active electrodes, where either the VCCS, the 1st stage of the voltage readout, or both,
are implemented very close to the electrode [20, 21, 171, 228, 230]. The first solution is expensive, es
pecially for multichannel systems, and does not compensate for the buffers’ input capacitances [228].
The second one cancels the VCCS’ output capacitances; however, it might lead to instability due to over
compensation [228]. The active electrode has the advantage of avoiding the cables’ and multiplexers’
(in multichannel systems) stray capacitances. The use of active electrodes apart from the VCCS’ actual
bandwidth, also improves the performance of the voltage readout part, since possible channel impedance
imbalances before the 1st readout stage are critically decreased [230]. However, this technique is expen
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sive, since it requires numerous powerconsuming active components placed in a small area near each
electrode [228].

The mentioned active electrode’s drawbacks still make their design process somewhat challenging,
despite their potential advantages. Actually, only partiallyactive electrode configurations have been im
plemented for multichannel bioimpedance measurement systems (such as EIT) that exclusively use com
mercially available active components [171, 230]. The partiallyactive electrode systems implement only
the voltage readout stage near each electrode, while the VCCS is implemented on the system’s core. This
leads to the development of stray capacitances on the VCCS output, due to the cables and the multi
plexer switches, drastically reducing the actual advantages of the active electrodes. Fullyactive elec
trodes, which include both the VCCS and the 1st voltage readout stage, have actually been designed and
implemented at integrated chip level [20, 21, 231]. However, they require transistor level application
specific integrated circuit (ASIC) fabrication, making them costly and their applicability still limited. For
the passive, partiallyactive, and fullyactive electrode measurement configuration schematics, see Figure
5.4.
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Figure 5.4: Simplified schematics of three bioimpedance measurement configurations. (a) Passive elec
trode configuration. (b) Partiallyactive electrode configuration. (c) Fullyactive electrode configuration
(this work). The cables’/ switches’ parasitic capacitances are indicated with red color.

An extensive review of fabricated CMOS level integrated OTAbased current sources for EIT, EIS
and other relevant biomedical applications is written in [232]. The fully differential current driver, shown
in Fig. 5.5 and presented in [233], employed four current sources in an Hbridge configuration. The
output impedance is approximated by: Zo = gmoro0ro1(A7 + 1)gm9ro10(A3 + 1) where gmi is the
transconductance and roi is the drain to source resistance of the ith transistor (see Fig. 5.5). Simulations
yield a high output impedance of approximately 10.2MΩ at 1 MHz and a THD of 1% at 10 MHz for
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an output current of 107 µApp [233]. The system operates in open loop configuration, and the output
current accuracy is directly affected by internal parameters of the system.

Figure 5.5: Integrated current driver in Hbridge configuration [233].

The current driver in Fig. 5.6 is composed of two fully differential amplifiers (FDA1 and FDA2)
with an RC frequency selective network that produces an input sinusoidal voltage, followed by a VCCS,
formed by transistors M3 and M4 and resistor R1 [234]. The FDA is a twostage folded cascode with
source followers at the output stage in order to achieve low output impedance to effectively drive the
frequency selective RC bridge network [234]. The RC frequency selective network generated a 90 kHz
balanced sinusoidal voltage signal VSW+ and VSW − . The 2 bitDAC output adjusts the gate voltages of
transistors M3 and M4 that results in variable sinusoidal voltage of 0.22− 0.78 Vp−p. The output current
is defined as:

Iout = I+ − I− =
VSW+ − VSW−

R1
(5.2)

and the output impedance as:
Zo =

1

gm3
+

1

gm4
+R1 (5.3)

where gmi is the ith transistor’s transconductance.
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Figure 5.6: Current driver [234].

Other openloop current driver topologies can be found in [235], [236] and [206].

A number of closedloop current source implementations have also been presented in the recent lit
erature. In [237], an OTAbased linear feedback current driver topology was presented (Fig. 5.7).

Figure 5.7: Basic linear feedback current driver [237].
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Its output current is estimated as follows:

Iout =
Vin
Rs

1

1 + 1
GmRs

(
1 + Rs+RL

ro

) (5.4)

with the variables as denoted in Fig. 5.7. Correspondingly, the output impedance is given by the following
expression:

Zo = ro + (Gmro + 1)Rs (5.5)

Although the negative feedback offers a wide frequency bandwidth to the current driver, the cir
cuit suffers of commonmode voltages occurred from the voltage imbalance on the load (see 5.2.1).
Furthermore, floating input voltages need to be acted in this circuit, something which isolates the load
from any direct path to instrument ground [232]. The overall transconductance of the OTA is given by:
Gm = Gm1ro1Gm2.

A two cascaded OTAs topology is also implemented in [237] (Fig. 5.8).

Figure 5.8: A two cascaded OTAs current driver [237].

To overcome the drawbacks of the topologies in [237], a high power current driver was presented
in [213]. It employs two identical differential feedback current drivers, operating in a balanced mode,
in order to eliminate common mode voltage errors across the load impedance. Furthermore, two voltage
buffers are utilized to isolate the load from the input signal, dealing with the floating input drawback
[232]. However, stability issues offer occur when using this topology.

Based on the [213] topology, a ±2.5 V supply voltage current driver, employing a preamplification
stage by utilizing a differential difference transconductance amplifier (DDTA) before the tranconductance
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Figure 5.9: Current driver topology implemented in [214].

stage in a mirrored topology, was implemented in [214]. The systemlevel architecture of the current
driver is depicted in Fig. 5.9.

The proposed current driver in [20] and [203] is inspired from [214] and is embedded in a real
time lung monitoring EIT system, implemented in [20]. The output impedance is kept above 614 kΩ at
frequencies up to 1MHz, while the transconductance is given by the following formula:

Gm =
Aloop

Rf +RL +AloopRf
(5.6)

which is almost proportional to 1/Rf . WithRf is denoted the sense resistor,Aloop the total current driver
openloop gain and RL the load resistance. The output impedance is estimated as follows:

Zo = ro,OTA +Rf [ADDTAGm,OTAro,OTA + 1] (5.7)

where ro,OTA is the output impedance Iout and ADDTA is the open loop gain of the DDTA. The circuit
architecture of the DDTA and the OTA are shown in Fig. 5.10.

The current driver implemented in [216] and used in [238] includes a buildin common signal reduc
tion module (Fig. 5.11). It operates at ±1.65 V. The master circuitry parts includes a DDTA followed by
an OTA to achieve a stable transconductance. The slave part consists of a slave voltage receiver (DVR)
to provide commonmode feedback.
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Figure 5.10: Current driver topology implemented in [20].

Figure 5.11: Current driver topology implemented in [238].

A CCIIbased current driver, employing a DCservo loop for the common mode feedback, as well as
a gain enhanced cascode structure to maintain sufficiently high output impedance is presented in[158]. It
can produce sinusoidal currents from 500Hz to 1MHz and of amplitude up to 1mAp−p. A DDS produces
the sinusoidal input signal VY , buffered to VX , an a current IX = RX · VX is generated (see Fig. 5.12).
The CCII mirrors this current to the output, IZ = IX , driving it through a DCblocking capacitor, Cblock
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(which blocks DC currents to the patient) into the SUT. The output current exhibits a THD of 0.15% for
a 1MHz, 1mAp−p output. The servo loop maintains an appropriate DC bias voltage at the current driver’s
output. It includes an OTA, which holds the output node fixed at VCM . Finally, the current driver has a
gainboosted cascode output stage, providing an output impedance of 100kΩ at 1MHz.

Figure 5.12: Current driver topology implemented in [158]. a) General blockdiagram. b) DC servoloop
architecture. c) Output enhancedgain cascode stage.

Finally, a closed loop nonlinear feedback integrated current driver has been implemented in [239]
and [240]. It operates at ±2.5 V, while the system’s dominant pole is not affecting its high frequency
operation at a cost of longer transient response, due to the low frequency dominant pole of the lowpass
filters (see Fig. 5.13).
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Figure 5.13: Current driver topology implemented in [240].

5.3 Voltage Readout Chain

The voltage recording circuit has the role of measuring the differential voltages on the system’s non
current electrodes. Such measurements need to be performed continuously, at all the appropriate voltage
measurement channels, according to the measurement pattern selected. The channel voltage acquisition
can be performed either in serial or parallel way. In each case, voltage signals collected need to be properly
amplified, denoised and driven into an AnalogtoDigital converter (ADC).

5.3.1 General Properties

The voltage readout circuit typically includes an instrumentation amplifier (IA), a programmable
gain amplifier (PGA) and an ADC driver. In many cases, one or more buffers and/or bandpass fil
ters may be included. The instrumentation amplifier ideally outputs the difference of the voltages be
tween two selected electrode channels. Since common signal exist due to current source and the channel
impedance mismatches, the IA needs to be characterized by a sufficiently high common mode rejection
ratio (CMRR), to prevent its amplification. The CMRR value is high enough at lower frequencies,
however it gradually degrades when frequency increases. This degradation is related with the reduction
of the IA input impedance due to stray input capacitance. Hence, the common signal effect may become
intense at medium or high frequencies.

Another consideration is the signal noise propagation through the voltage readout chain. The elec
trode voltage signal includes noise becoming from the injected current and the biological tissues/ subject
under test, interference with biological signals, e.t.c. This noise is amplified along with the original sig
nal through the amplification stages, while flicker noise from the active components also contributes to
a noisier output signal. The sampling process from the ADC also adds thermal and quantization noise to
the signal, further increasing the denoise filters’ requirements.

Two recent general studies for the optimization of SNR in EIT system voltage recording parts have
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been presented in the literature. In [169], a mathematical point analysis was conducted to extract an
analytic noise model and two approximated noise models: the Continuous Uniform (CU) and the Discrete
Uniform (DU). The pure analytical model results in the following expressions for the SNR of the signal
amplitude and phase respectively:

SNRA = 10log10
(
A2
)
− 10log10

[
var (VI) cos2 ϕ+ var (VQ) sin2 ϕ+ 2Cov (VIVQ) cosϕ sinϕ

]
(5.8)

and

SNRϕ = 10log10
(
A2ϕ2

)
− 10log10

[
var (VI) cos2 ϕ+ var (VQ) sin2 ϕ− 2Cov (VIVQ) cosϕ sinϕ

]
(5.9)

whereA denotes the signal amplitude, ϕ the signal’s phase in respect to the input current signal, while VI
and VQ are the demodulated inphase and quadrature components extracted from a digital matched filter
(see 5.3.2). The DU model is described by the following corresponding expressions:

SNRA = 10 log10

[
A2N

2

var (dDU
n )

]
(5.10)

and

SNRϕ = 10 log10

[
A2N

2 ϕ
2

var (dDU
n )

]
(5.11)

where N is the number of matched filter taps per measurement channel. Assuming that the quantiza
tion error is described by a random variable with a uniform distribution between −0.5 of the ADC least
significant bit voltage range (LSB) and 0.5 LSB, we get:

P (dDU
n = mLSB) =

1

LSB

∫ +LSB
2

−LSB
2

1

σn
√
2π

∫ (m+ 1
2)LSB

(m− 1
2)LSB

e
−(x−z)2

2σ2
n dxdz (5.12)

wherem is an integer„ x is associated with the Gaussian noise u from the analog circuitry that has a std
of σ2n, and z is associated with the quantization error q [169]. The CU model implies that:

var
(
dCU
n

)
=
LSB2

12
+ σ2n (5.13)

where
LSB =

VF
2b
, (5.14)

VF is the ADC dynamic voltage range and b the ADC resolution in bits.

In [170] a structured methodology to maximize the SNR of an EIT system is analyzed. It is based
on the DU model to consider an approach for designing the individual circuit components that meet
performance requirements while minimizing power consumption. It also considers the analog matched
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filter case, where the amplitude and phase SNR is given by:

SNRA = 10 log10

[
A2

LSB2

12 + 2σ2n · N ·BWF
BWn

]
(5.15)

και

SNRϕ = 10 log10

[
A2ϕ2

LSB2

12 + 2σ2n · N ·BWF
BWn

]
(5.16)

where BWn is the equivalent noise bandwidth caused by the chain amplifiers’ filtering effect and BWF

the analog filter’s noise bandwidth. [170] extracts the maximum tolerable Gaussian noise σn values re
garding the VF , N , the SNR, and the ADC resolution. Based on this analysis it reveals the minimum
ADC resolution and number of filter taps N required.

5.3.2 Impedance Demodulation

The demodulation process is such an important part of the EIT signal acquisition, because not only
calculates the signal phase but also filters and synchronizes the signal with the current input. Asmentioned
above, the most common demodulation is the inphase/quadrature (IQ demodulation), where the output
voltage signal is multiplied with the input signal and its 90−degree phase shifted signal. For this purpose,
two multipliers and a matched lowpass filter are used. The IQdemodulation process can be performed
either in the analog or the digital domain, as mentioned above. However, the analog approach requires
costly highprecision components that make the design concept more challenging [169],[200]. Therefore,
in most application designs, the digital matched filter approach is preferred.

For the IQdemodulation we consider an input signal Vin(t) = Vr cos (2πft) (which is transferred to
current for the current stimulation) and an output signal Vout(t) = Vm cos (2πft+ ϕ) (after the analog
voltage recording chain). Then, the following multiplications are performed:

VI(t) = Vin(t) · Vout(t) = VrVm cos (2πft) · cos (2πft+ ϕ)

=
VrVm
2

· [cos(ϕ) + cos (4πft+ ϕ)]
(5.17)

and
VQ(t) = Vin

(
t;ϕ− π

2

)
· Vout(t) = VrVm sin (2πft) · cos (2πft+ ϕ)

=
VrVm
2

· [sin(ϕ) + sin (4πft+ ϕ)]
. (5.18)

Performing low pass filtering we get the DC components of each expression (5.17) and (5.18):

I =
VrVm
2

cos(ϕ) (5.19)

and
Q =

VrVm
2

sin(ϕ) (5.20)

that correspond to the inphase and quadrature components respectively.
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Recent approaches recommend three alternative IQdemodulation schemes [241], [242], [243] [244].
The first advanced demodulation approach considers a sinusoidal current excitation and a nharmonic
square demodulation [241], [242]. Multiplication of the output voltage with the inphase square signal
leads to a result which includes a number of n harmonics. The DC components are collected after acting
a lowpass filter. This approach is preferred for CMOS implementations as the multiplier can be merged
into the analog frontend in the form of chopper switches while the input signal is often generated using
a DDS.

The second approach is to use square excitation and square chopper demodulation. The final dc value
after lowpass filtering in the case of inphase demodulation is expressed as:

Itotal =
8

π2
Σ∞
n=1,3,5,...

A(2πnfo)cos(θ(2πnfo))

n2
(5.21)

where fo is the fundamental frequency, A(2πnfo) is the nth harmonic tissue impedance magnitude at fo
and θ(2πnfo)) is the nth harmonic tissue impedance phase at fo. Adopting the harmonic error cancella
tion approach described in [245], only the 1st term is kept (n = 1).

The third approach is to induce a pseudosine current signal and perform square demodulation. Its
performance depends on the number of quantization levels, i.e. the samples used in every pseudosine cy
cle. A pseudosine signal generated using DDS has harmonics in pairs and the frequencies of the harmonic
pairs can be expressed as:

ωh(N ± 1) = (QN ± 1)ωo N ∈ N (5.22)

where ωh is the harmonic cycle frequency, ωo the fundamental one, Q the level of quantization and N
the harmonic order. The fundamental frequency term’s amplitude is given by:

Co =
1

2

∣∣∣∣sinc( πQ
) ∣∣∣∣ (5.23)

while the harmonic terms’ amplitudes are given by [200],[246]:

Ch(N±1) =
1

2

∣∣∣∣∣sinc
(

π
QN

)
QN ± 1

∣∣∣∣∣, N ∈ N (5.24)

Other demodulation techniques employ pulsewidth demodulation [247] and time stamp demodulation
[248].

5.4 Bioimpedance Measurement Circuits, EIT System Implementations
and applications

The basic voltage acquisition circuit parts are mentioned in 5.1 and 5.3.1. However, many imple
mentations have been performed, presenting a variety of modifications at the circuitry in order to max
imize the system’s performance, according to each specific applications’ requirements. The subsection
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performs a review of specific implementations presented in the literature, including designs with com
mercially available components and custom integrated circuit designs. Many of these implementations
are part of generic or application targeted EIT systems, while some other can be generally applied for
tetrapolar bioimpedance measurement.

The first EIT system hardware was presented in 1978 in [1]. An alternating voltage signal was induced
in the electrodes while the output current was collected. The acquisition circuit consisted of a currentto
voltage converter and low passfilter, two multiplexer arrays and an analog demodulator (see Fig. 5.14).
A total number of 100 electrodes were used, as well as a number of 100 corresponding currenttovoltage
amplifiers/lowpass filters. The first multiplexer array selects one of the 10 electrodes that will be driven
to the corresponding demodulator. A total number of 10 demodulators were implemented (each one for
10 electrodes). Each time, one of the demodulators’ outputs is selected from the second multiplexer to
get a single output.

Figure 5.14: The first EIT system voltage acquisition circuit [1].

The Sheffield data collection system [27] (1987), shown in Fig. 5.15, introduced the conventional
adjacent current and measurement pattern approach, used in many applications till today. The system
induces an alternating current while it collects each electrode pair voltage through multiplexing. Before
the multiplexer, one buffer per electrode is employed to reduce the channels’ stray capacitances effects
(Fig. 5.16).

Figure 5.15: The Sheffield data collection system, brief diagram [27].
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Figure 5.16: Diagram of the Sheffield data collection system circuitry feeding four electrodes [27].

The Sheffield data collection system uses 16 electrodes which are addressed through four multiplex
ers. A master clock running at 820 kHz is used to generate a 51 kHz sine wave by clocking out 16 values
per cycle from an EPROM which feeds a DAC. As everything is controlled by the one clock we can
determine both real and imaginary components of the recorded profiles. The 51 kHz sine wave is applied
to a VI converter with an output of 5 mA pp. This current is applied to adjacent electrodes pairs via two
of the four multiplexers. Address lines on the two receive multiplexers select adjacent pairs of electrodes
and pass the signals to a differential amplifier. These signals are then taken to a phase sensitive detector
(PSD) which is set to select inphase signals. The output of the PSD is taken to a sample and hold circuit
prior to a 12 bit ADC.

In [165] (1993) a superheterodyne serial data acquisition system for EIT is introduced. Instead of
conventional demodulation, the electrode voltage signal is first translated to an intermediate frequency
significantly higher than the carrier frequency. The demodulation is performed at this higher frequency,
generating replicas of the spectrum of themultiplexed impedance signals. The high frequency components
are then removed by loworder filters, since the distance between them and the desired baseband spectrum
is very large.

In [249] (1994), the ACT3 EIT system was presented, making use of 32 current sources and 32 phase
sensitive voltmeters to make a 32electrode system that is capable of applying arbitrary spatial patterns
of current. The instrumentation provided a precision of 16 bit on both the current values and the real and
reactive voltage readings and was capable of collecting the data for a single image in 133 ms. It is one
of the first EIT implementations that made use of digital demodulation, in an effort to increase the signal
SNR levels. The system also provided an automatic trim of the current source output impedance, by
employing a negative impedance circuit, as well as a calibration of the VCCS by measuring the current
sink output. At both the current and voltage electrodes it employed voltage buffers to reduce the parasitic
capacitance effects on the IA input impedance. The voltage readout chain comprised of a switching array
and a preamplifier IA. The voltage signal processing proceeded on with an ADC and digital demodulation
(see Fig. 5.17).
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Figure 5.17: Block diagram of the analog circuits for one channel of the ACT3 EIT system, showing the
waveform source, current source, shield driver, and output signal conditioner [249].

In [250] (1995) a 32electrode data collection system for EIT is presented. The demodulator is a
multiplexed sample and hold circuit followed by a voltage difference stage. This configuration’s dif
ference stage requires very low frequency signals, something that prevents the degradation of CMRR.
The system employs a 25kHz constant current generator, which consists of four LM13600 operational
transconductance amplifiers (OTAs). Αn ACtoDC converter, which acts as a differential demodulator,
generates a DC output equal to the difference of the real parts of the two sinusoidal signals which ap
pear on the two selected voltage measuring electrodes. Α synchronous demodulator implemented using
a Sample and Hold circuit is multiplexed to both channels. The multiplexing of a single demodulation
stage to two channels is used in order to eliminate any possible discrepancy leading to measurement error
due to mismatch of two almost identical stages which otherwise could be used (one for each channel).
The circuit architecture as well as further implementation details can be found in [250].

The Mk3.5, an update of the Sheffield EIT system, is presented in [251]. It used 8 electrodes with
the adjacent current and voltage measurement protocol and could provide both the real and imaginary
part of impedance at 30 discrete frequencies between 2 kHz and 1.6MHz. The system consisted of eight
identical data acquisition boards for the signal generation and the demodulation process (see Figs. 5.18
and 5.19). It included a typical voltage readout circuitry, comprised of a voltage buffer and an IA to lead
the output voltage to a 12bit ADC.
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Figure 5.18: Block diagram of Mk3.5 Sheffield EIT system [251].

Figure 5.19: Circuitry of each data acquisition module included in the Mk3.5 Sheffield EIT system [251].

An up to 10MHz excitation signal frequency EIT system was developed by the university of Dart
mouth in [252], with an update in [9]. The original system included 32 electrodes, while a channel module
was employed for each four electrodes, including a DAC, an ADC and the analog circuitry. Each one of
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the eight modules was controlled from an FPGA unit for the channel switching, signal generation, ac
quisition, synchronization and demodulation. In [9] the system was used for breast imaging application,
achieving SNR of 94 dB up to 2 MHz current signal frequency, 90 dB up to 7 MHz current signal fre
quency, and 65 dB at 10 MHz current signal frequency. At the same time, it achieved an impedance
magnitude accuracy of 99.7% with small channeltochannel variations.

In [253], a modular, up to 32 electrodes, adjustable data acquisition system using National Instru
ments’ hardware and software modules, which offer inherent compatibility over generations of hardware
and software revisions. This EIT system, which block diagram is shown in Fig. 5.20, can be used to inter
changeably apply current or voltage signal, and measure the tissue response in a semiparallel manner. A
512point Fast Fourier Transform (FFT) signal averaging algorithm computation block was implemented
on an FPGA. FFT output bins were classified as signal or noise. Signal bins constitute a tissue’s response
to a pure or mixed tone signal. Signal bins’ data can be used for traditional applications, as well as syn
chronous frequency difference imaging. Noise bins were used to compute noise power, which represents
a metric of signal quality, and can be used to ensure proper tissueelectrode contact.

The input signal can be selected to be either voltage or current. In the first case, the readout circuit
collects a current signal, transferring it to a voltage one before amplification with a PGA. Multiplexing
is used for the electrode pair selection.

Figure 5.20: Block diagram of the EIT system presented in [253].

In [254], a modular DSP based EIT system was developed. Its block diagram is shown in Fig. 5.21.
It supported a number of acquisition and computing modules. Each data acquisition module included a)
a VCCS consisted of two mirrored Opamp stages for the DC current restoration followed multiple high
slew rate AD844 currentfeedback amplifiers (Fig. 5.22), b) An equalwidth pulse synthesizer unit and c) a
synchronized digital demodulation unit. The computing module included a DSP processor with memory,
multichannel buffered serial ports and an IEEE1394 communication interface. Several DSP modules
could be pipelined for a series of tasks ranging from measurement control to image reconstruction to
flow velocity implementation. The authors of [254] claimed data acquisition speed of 1164 dualframes
per second and a RMSE of less than 0.6% at 80 kHz in static test application. An application in the
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measurement of vertical oilinwater pipe flow was reported.

Figure 5.21: Block diagram of the EIT system presented in [254].

Figure 5.22: VCCS used in the EIT system presented in [254].

The KHU Mark1 EIT system is presented in [255], [256] and [257]. Its analog backplane included
a single balanced enhanced Howland VCCS, a generalized impedance converter (GIC) to calibrate and
maximize the VCCS output impedance and multiple voltage recording circuits (Figs 5.23, 5.24 and 5.25).
It supported current signal frequencies from 10Hz to 500 kHz and up to 64 voltmeters, that could simulta
neously acquire and demodulate voltage signals. Each voltmeter measured a differential voltage between
a pair of electrodes and its analog part comprised of multiple amplification stages, as shown in Fig. 5.25.
All voltmeters were configured in a radially symmetric architecture in order to optimize the routing of
wires and minimize crosstalk. It also employed contact impedance measurements, data overflow detec
tion, spike noise rejection, automatic gain control and programmable data averaging. The multifrequency
KHU Mark1 EIT system mainly targeted in brain imaging and was also validated for impedance spec
troscopy and timedifference imaging [257].
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Figure 5.23: Analog backplane of the KHU Mark1 system [255].

Figure 5.24: The current source circuitry of the KHU Mark1 system [255]. a) Enhanced singleended
Howland VCCS b) Generalized Impedance Converter (GIC) [256].

Figure 5.25: Voltage amplifier used in the KHU Mark1 system [256].
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The KHU Mark1 system was ascended from the KHU Mark2 [258], which employed an impedance
measurement module, including a current source, a voltmeter, a DAC, an ADC and an FPGA control unit
on each particular electrode. This offered flexibility, since the hardware could be configured to tailor any
electrode configuration needed for a specific application. Furthermore, the KHU Mark2.5 system [156]
added automatic selfcalibration of the current source via the generalized impedance converter and the
FPGA units in order to better support longterm monitoring.

In [259] a prototype of a multifrequency EIT system was presented (Fig. 5.26). The system used
a FPGA as a main controller and was configured to measure at different frequencies simultaneously
through a composite waveform. Both real and imaginary components of the data were computed for
each frequency and sent to the PC over an ethernet connection, where both timedifference imaging and
frequencydifference imaging were reconstructed and visualized.

Figure 5.26: Simplified block diagram of the EIT system presented in [259].

In [227], a high precision EIT system was developed, targeting in brain hemorrhage monitoring (Fig.
5.27). A precise digital synthesis method and a digital demodulation technique were applied in order
to increase the system’s SNR and reduce any errors related to the contact impedance and the skull.
Furthermore, a high CMRR voltmeter (Fig. 5.28) and a programmable current source (based on the
enhanced Howland one) were designed in order to eliminate the stray capacitance, the shunt and channel
mismatch effects. The authors claimed a SNR of more than 83 dB, a high CMRR of 75 dB and a low
reciprocity error of 0.125% for frequencies up to 200kHz. The results and the measured values were
acquired using a brain physical phantom.
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Figure 5.27: Simplified block diagram of the EIT system’s analog part presented in [227].

Figure 5.28: Simplified block diagram of the EIT system’s voltage recording circuitry presented in [227].

The ACE1 system presented in [171] used a partially active electrode configuration to eliminate the
stray capacitance effect, employing a buffer amplifier close to each electrode and a smart switching mode
(Fig. 5.29) to efficiently collect both stimulation and nonstimulation electrode voltages. Using this data,
the system performed fast digital demodulation to extract the boundary voltage amplitude and phases. The
hardware could be modified to support up to 32 electrodes and a variety of current stimulation patterns,
achieving SNR levels between 30 and 90 dB. The system was tested for dynamic lung imaging, resulting
on frame rates between 16 and 32 fps.
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Figure 5.29: Active electrode configuration of the ACE1 system presented in [171].

In [260] a CMOS (0.18 µm technology, 3.3V supply) based analog front end ASIC for cardiac EIT
was presented. The ASIC consisted of an integrated current driver, an IA, a variable gain amplifier at the
analog front end for voltage readout and an onchip 10bit successive approximation register (SAR) serial
ADC. Voltage amplitude and phase extraction was performed using a digital matched filter. The readout
chain in the ASIC achieved a minimum SNR of 71 dB over the frequency range of 500 Hz–700 kHz,
while maintaining an average accuracy of 99.7%. Frame rates of 21 frames per second for a 32 electrode
system was feasible, while the ASIC had a power consumption of 11.8 mW. The basic block diagram of
the ASIC is demonstrated in Fig. 5.30, while the IA and variable gain amplifiers’ CMOS architectures
are shown in Fig. 5.31.

Figure 5.30: Block diagram of the cardiac EIT ASIC presented in [260].
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Figure 5.31: a) Current conveyor architecture used for the implementation of the IA. b) The transconduc
tance stage of the variable gain amplifier [260].

In [241] an EIT system based on frequency division multiplexing (FDM) was proposed for realtime
lung physiological imaging. This techniques allows the integration of multiple voltage sensing channels
by combining data onchip and sharing of ADC to alleviate area penalty caused by multichannel. The
system was designed in 130nm CMOS technology and includes the following features: 1) Early I/Q
demodulation to relax the bandwidth requirement of analog front end and minimize the impact of motion
artifacts and DC electrode offset. 2) Eliminates the need of adaptive gain control with constant inverted
‘Ushape’ gain configuration to compensate amplitude variations across all channels. 3) FDM to combine
13 pairs of I/Q signals into two data streams for quantization using two ∆Σ Modulators. 4) Batch data
recovery by Blackman window corrected FFT without any digital filtering involved. A block diagram of
this EIT system is demonstrated in Fig. 5.32.

Figure 5.32: Block diagram of the EIT system proposed in [241].



178
Chapter Chapter 5  Hardware Design Methodology for Electrical Impedance Tomography and Its

Applications

In [261], an active electrode IC (0.35µm CMOS process) for continuous monitoring with simultane
ous EEG, EIT and electrodeskin contact impedance was proposed (Fig. 5.33). Its main target application
is brain imaging, where the contact impedance is a significant modeling error source. The voltage readout
circuit is based on a Differential Difference Amplifier and performs singleended amplification and FDM
of the EEG, EIT and contact impedance signals that are sent to the system’s backend. The paper performs
an analysis of the mismatches in passive and active components influence on the system’s CMRR.

Figure 5.33: Block diagram of the EIT/EEG/contact impedance measurement system proposed in [261].

In [262], a cointegrated with electrodes and optodes (i.e. optical source and detector) ASIC, imple
mented as an an active sensor to perform EEG, bioimpedance measurement, and nearinfrared spec
troscopy (NIRS) on scalp is presented. NIRS readout utilizing the nearinfrared light could be used to
measure the pulse oximetry and blood oxygen saturation (SpO2). It also allowed the use of silicon pho
tomultipliers (SiPMs) as optical detectors. On circuit level, a SARbased calibration compensates max
imum 40µA current from ambient light, while digital DCservo loops reduce the baseline static SiPM
current up to 400 µA, leading to an overall dynamic range of 87 dB. The EEG readout exhibits 720MΩ

input impedance at 50 Hz. The BioZ readout presented 3mΩ/
√
Hz impedance sensitivity by employing

dynamic circuit techniques. When EEG, BioZ and NIRS were enabled at the same time, one ASIC con
sumed 665µW including the power of LEDs. A brief demonstration of the ASIC sensor is shown in Fig.
5.34.
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Figure 5.34: Block diagram of active ASIC sensor presented in [262].

A bioimpedance readout IC with frequency sweeping from 1kHzto1MHz for EIT is presented in
[263]. The IC included a complete readout channel for impedance characterization, an input multiplexer
and a programmable digital controller enabling multifrequency impedance scanning from multiple loca
tions. To relax the bandwidth requirements of the readout channel, predemodulation before the IA was
employed. A fast channel settling mechanism (< 1ms) allowed quick switching between frequencies
enabling a fast imaging speed. Dynamic element matching in the current generation and chopping in the
readout frontend were adopted to mitigate flicker noise.

In [158], a wideband (up to 1MHz) EIT system was developed for prostate imaging. Its implemen
tation was based on a 4channel ASIC (CMOS 0.18µm technology), which highlevel architecture was
based on the one in Fig. 5.30. Its current driver was based on a high output impedance current conveyor
employing a gain enhanced cascode structure and a servo loop to maintain an appropriate DC bias voltage
at the current driver’s output (see 5.2.2 and Fig. 5.12). The voltage readout part of the system included a
custom IA, a variable gain amplifier and an SPI interface 10bit SAR ADC. As in [260] the IA and vari
able gain amplifier architectures are based on a transconductance followed by a transimpedance stage.
The systemwas evaluated using a model transrectal imaging probe immersed into a tank filled with saline
and a metal inclusion, maintaining a 66dB to 76dB SNR between 500Hz and 1MHz.

In [20], an up to 100 fps EIT system was developed for dynamic lung imaging, including a number of
32 active electrodes. It employs an ASIC active circuit per electrode, to reduce the channel parasitic ef
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fects. Each ASIC comprises DDTAbased current driver capable of up to 6mAp−p output (see 5.2.2, Figs.
5.10 and 5.11), a voltage buffer for EIT and heart rate signal recording as well as contact impedance moni
toring and a sensor buffer that provides multiparameter sensing. For the voltage recording on noncurrent
injected electrodes, the onchip buffer B1 (see Fig. 5.35) a first stage, while the rest of amplification and
filtering stages as well as the ADC are implemented on a central hub, where all the active electrodes
are connected. The digital control of the multiplexer switches (in such a way to define the current in
jection and voltage measuring strategies), the ADC and the DAC, as well as the signal synchronization
demodulation is performed on a FPGA, located on the central hub [20].

Figure 5.35: Block diagram of active electrode based EIT system presented in [20].

An individual extension of this work, particularly targeted in neonatal lungmonitoring, was developed
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in [21]. It is worth to mention that neonates do not afford any kind of ionizing radiation, and, therefore the
application of EIT for monitoring neonates with respiratory failure during mechanical ventilation. Sixteen
active electrodes have been integrated on a belt, with an ASIC connected to each one. Each ASIC consists
of a fullydifferential DDTAbased wideband current driver, which provides common mode feedback
[216], a digital control unit, a switch array and a current feedback IA which measures the differential
voltage between two selected electrodes. This system adopts the IA summing topology for the voltage
acquisition, which can be applied for every skip voltage measuring pattern. The summing topology has
also proven to result at lower noise compared to the buffer one in [20] for low skip numbers (<3). The
measurement pattern control, the DDS, the control of the PGAs, the communication with ADC and DAC,
the signal demodulation and synchronization is performed from an FPGA. A block diagram of the active
electrode tetrapolar measurement configuration is shown in Fig. 5.36, while the IA architecture is depicted
in Fig. 5.37.
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Figure 5.36: Block diagram of active electrode configuration presented in [21].
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Figure 5.37: Architecture of the current feedback IA designed and used in [21].
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6 A simulation interface for
Electrical Impedance

Tomography hardware

This chapter presents a extended simulation interface for EIT hardware. It comprises of 3 smaller
chapters. The first one, which corresponds to [264], presents the general concept of an EIT hardware sys
tem SPICEMATLAB cosimulation, validating its usefulness through circular EIT setups in the presence
of modeling errors. The phantom setup’s structure is merged in the simulated hardware via equivalent cir
cuit transformations in the forward problem. The second one, which corresponds to [265], has introduced
three important features in the simulation method presented: noise analysis, generalized skip current pat
terns and digital signal demodulation. Finally, in the third subchapter [194], the presented interface is
applied in 3D thoracic equivalent structure cases, where the impact of hardware configurations such as
signal noise, electrode contact impedance, ADC resolution, sampling rate and the number of demodula
tion filter taps is qualitatively and quantitatively examined in the reconstructed images.

6.1 A Parametric EIT System SPICE Simulation with Phantom Equiva
lent Circuits

Many EIT hardware systems with specific clinical applications have been developed over the last 3
decades, such as the Sheffield MK (v1 1987, v3.5 2001) [251], the Dartmouth breast imaging system
(1998, 2001, 2008) [9, 252, 253], the ACT 3 and 4 EIT system (1994, 2005) [249, 266], the Swisstom
active electrode system (2012), the KHU Mark 2.5 system (2014) [156] and the ACE1 pulmonary real
time imaging system(2019) [171]. Over the years, many design and configuration improvements have
taken place, targeted to the acquired medical images’ quality.

The image reconstruction problem of EIT is typically illposed and illconditioned, which means that
even relatively low noise levels at the measurements could lead to significant reconstruction artifacts
[36, 267]. Therefore, apart from the essential mathematical modelling of the problem, the measured data
need to be as accurate as possible with the minimum noise level. Intrinsic electrical biosignals and un
wanted motion of the electrodes (e.g., breathing or heartbeat) introduce noise in addition to noise due
to electronic hardware [171, 268]. Many of these cannot be easily predicted during the hardware design
process. This creates the necessity for proper simulation before proceeding to the system design. Al
though many tools have been used for either the simulation of the tissue’s behavior in time and frequency
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(MATLABEIDORS tool, COMSOL, ANSYS, etc), of the contact impedance’s impact [269]; or the sim
ulation of the hardware (SPICE for the current source behavior [205, 270]), there is no complete effort to
merge hardware (digital and analog), software and the subject’s properties on a single simulation core.

A preliminary parametric study has been presented in [267] where a whole EIT system circuitry has
been simulated in LT SPICE, including some 2D phantom equivalent circuits. It has been observed how
possible problems such as increased signal noise and large contact impedance variation or more critical
issues (electrode disconnections, shortcircuits) contribute to imaging errors.

This work extends [267] in the following directions: A) It considers a more detailed model of the
current source by including its output impedance, zout, depending on frequency fin. Typically zout de
creases in magnitude with fin diverting from the ideal model, B) Digital to Analog Converter’s (DAC)
quantization noise is included in the analysis, C) Proper analog filtering for antializing is included in the
analysis, D) In addition to 2D, 3D Finite Element structures are developed in MATLAB and are imported
into LT SPICE as N port equivalent circuits (N is the number of electrodes used.) to better simulate the
EM field effects, and finally, E) The data acquisition system, including both the analog (filters, instru
mentation amplifiers, voltage shifting in LT SPICE) and digital (Analog to Digital Converter (ADC), data
processing, image reconstruction inMATLAB) parts has been simulated. In addition, the transient effects,
current injection and voltage acquisition channels switching times as well as the ADC noise, setting times
and sampling rates have been taken into consideration [259].

A parametric study has been performed, modifying properties of the Voltage Controlled Current
Source (VCCS), the electrodes, the structure (measuring subject) and the acquisition system within a
frequency range of [10, 100] kHz, in an effort to optimize the performance of an EIT system. Although
there is difficulty in specifying hardware parameters in such complex systems, the presented simulations
can be effective tools for system specdetermination and preliminary design; something that requires in
creased attention in EIT, since ostensibly small deviations or issues could lead to failure in the image
reconstruction.

The section is organized as follows: In subsection 6.1.1 the EIT mathematical model along with the
forward and inverse problems are briefly described. In subection 6.1.2, the simulated hardware in LT
SPICE is presented, highlighting the signal generation, the current source part, the subject equivalent cir
cuit and the data acquisition process. In subection 6.1.4, EIT simulations are performed for selected VCCS
topologies, frequencies, 3D tank phantoms, ADC sampling rates and resolutions, and the corresponding
results are presented. The results are compared and discussed in Section 6.1.7.

6.1.1 The EIT Forward and Inverse Problem

The EIT electromagnetic problem is mathematically formulated by a current field diffused into a two
or threedimensional volume Ω ⊂ Rd, d ∈ {2, 3} which implies a Poisson differential equation [4, 36].
The Complete Electrode Model (CEM) is the most popular EIT formulation. It takes into consideration
the modelled electrode dimensions and is described by the following equations: [4, 36]

∇ · (σ(r)∇u(r)) = 0, r ∈ Ω (6.1)
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u(r) + zlσ(r)
∂u(r)

∂n
= Ul, r ∈ el, l = 1, ..., N (6.2)∫

el

σ(r)
∂u(r)

∂n
dS = Il, l = 1, ..., N (6.3)

σ(r)
∂u(r)

∂n
= 0, r ∈ ∂Ω \

L⋃
l=1

el (6.4)

Where u(r) is the voltage potential,N the number of the electrodes used, σ(r) is the relative distributed
conductivity and zl the ℓth electrode’s contact impedance.

Forward Problem

The EIT forward problem assumes a known conductivity distribution σ in Ω and solves for the nodal
(or element) voltage potentials. This is usually done using the Finite Element Method (FEM) after con
verting (6.1) to its weak form for every element and embedding boundary conditions (6.2–6.4). After
assembling the local element matrices, the problem results in a sparse (3diagonal) linear system equa
tion that can be solved with the Cholesky or the Conjugate Gradient algorithms [36].

Inverse Problem

The inverse problem refers to deriving σ(r) for a known voltage potential distribution u(r) and the
voltage measurements on the electrodes U . Contrary to the forward problem, this one is severely ill
conditioned and requires special regularization in order to derive a stable solution. The solution given by
the generalized Tikhonov regularization is [4, 36]

σ(r) = σref (r) + (MTWM + λ2Q)−1MTWδU (6.5)

where σref (r) is a reference conductivity distribution,W is a weighting matrix indicating each measure
ment’s impact,M is the Jacobian matrix representing the sensitivity of each measurement to a conduc
tivity change. In addition,Q is a prior filter matrix, λ is the regularization hyperparameter and δU is the
difference between measurements acquired for σref (r) and σ(r) respectively [4, 36, 174]. Although
this is a direct onestep solution, many iterative approaches have also been developed, e.g., Gauss–
Newton algorithm. However, in terms of this study, the NOSER prior onestep algorithm [36] is used
with Q = diag(MTW ), since parametric hardware tests are performed and NOSER is a simple, easy
to implement reconstruction algorithm in order to check the effectiveness of an EIT hardware. Of course,
similar comparison results with small variations are expected if the reconstruction is performed with any
other one step inverse algorithm (0th order Tihkonov, Laplace, Gaussian High Pass Filter, DBar) or an
iterational one (GaussNewton). The size of variations between the hardware simulations depends on the
inverse algorithm’s noise robustness, therefore, in order to get clearer comparisons we did not select a
high performance reconstruction algorithm.
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6.1.2 EIT Hardware

It has been shown that the tetrapolar measurement technique is the most suitable for EIT especially
in bioimpedance instrumentation [4]. To implement is, a sinusoidal (or bifrequency) current source (up
to 1 mA, 10 kHz–100 kHz) is needed, followed by a multiplexing array to drive and sink the current
from an electrode pair and take differential measurements from all electrode pairs. More details about the
complete system architecture can be found in [267].

Here, we focus on (a) the current source topology and its properties, and, the their impact on the
measurements and image reconstruction quality, on (b) the development of an electrical equivalent model
of a typical phantom used for evaluating the performance of EIT image reconstruction algorithms, and
on (c) the impact of the data converters properties on the image reconstruction quality.

The Current Source

The current source circuitry part described here includes the (voltage) signal generation, the filtering
stage and the Voltage Controlled Current Source (VCCS).

A. Signal Generation
For signal generation, a Direct Digital Synthesis (DDS) block is usually a suitable solution. This

includes a DAC driven by a sinusoidal or more complex waveform, typically stored in a LookUpTable
(LUT). The analog output signaltonoise ratio (SNR), considering only the quantization noise, of an
Lbit DAC is [267]

SNR(dB) = (6.02L+ 1.72)dB + 10log10OSR (6.6)

where OSR is the oversampling ratio. In this study, we simulated a 16 bit DAC (14 bit ENOB) with a
sampling frequency of 16 times the desired signal frequency (fin), i.e., withOSR = 8. Data were written
on a text file (.txt) which was used as a PWL LT SPICE voltage source.

The DAC’s output is filtered by an analog lowpass or bandpass filter. In our case, we use a 2nd order
multiple feedback active bandpass filter with a central frequency of fin and quality factor ofQ = 5 [271].
The filter (shown in Figure 6.1a) was simulated using the ADA4625 Opamp (analog devices).

B. VoltagetoCurrent Conversion
The design of an appropriate VCCS is one of themost challenging parts in an EIT system design, since

the specifications must satisfy high output impedance zout, CommonMode Rejection Ratio (CMRR) and
sufficient current amplitude (low enough for the patients’ safety and high enough to avoid notable noise
rates) for as high frequency range as possible. In this study the topologies simulated are based on the
modified Howland current source, described in [205, 208, 219]. Specifically, two main approaches have
been tested: (a) the grounded load and (b) the mirrored modified Howland VCCS [208]. Their topologies
are shown in Figure 6.1b and Figure 6.1c correspondingly. The mirrored VCCS is driven from a THS4130
fully differential amplifier, which follows the analog filter and offers low noise levels (1.3nV /

√
Hz)

and an acceptable slew rate (51V /µs). The Common Mode Voltage VCM was connected to ground. All
ICs were supplied with +/ 15 Volts. In addition, since the mirrored VCCS needs to be symmetric, the
corresponding resistors are of the same value (R4 − R8 in Figure 6.1c). In order to be able to measure
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the input current to the load, an instrumentation amplifier (AD8421) stage has been added with a fixed
sense resistor Rsense between its inputs and a configurable gain RG resistor [272].

The output impedance zout ofHowland current sources depends on the balance of the resistorsR4−R8

which is extremely sensitive. Therefore the resistors above need to be characterized by very low tolerance
(δR/R ≤ 1%). Furthermore, they are affected by the open loop gain of the Opamp (A), which is exposed
to factors such as frequency and temperature. Those dependencies can be expressed at an approximate
way by the following equations for the grounded load case:[208]

Zout,min =
R8R6

δR4
(6.7)

Zout =
R4R8(R7 +R6)A+R8(R7 +R6)(R4 +R5)

[R4(R7 +R8)−R5R6]A+ (R4 +R5)(R6 +R7 +R8)
(6.8)
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Figure 6.1: Schematics of the current source topologies used for the simulations: (a) The multiple feed
back 2nd order bandpass filter. (b) Grounded load modified Howland Voltage Controlled Current Source
(VCCS). (c) Mirrored modified Howland VCCS, with the THS4130 fully differential amplifier at the pre
vious stages that drives the input voltage.

From the equations above it is concluded that small perturbations of the resistorcoefficients not only
could result in a much smaller than expected zout but also to unstable oscillations (since the Opamp
already has a positive feedback) [208]. Another important issue occurs from the parasitic impedances
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while fin increases, that lead to a severely decreased zout and intense changes of the phase shift. The
phase shift can be easily estimated from simulation and circuit testing and be added as a parameter when
necessary in the acquisition part. Nevertheless, |zout| can hardly be kept above 200 kΩ for fin ≥ 100

kHz, which leads to a large percentage of current steer before the load. Simulations performed show that
increasingR8, optimises the condition for the larger frequencies at the cost of current amplitude reduction
that results in lower measurement SNR due to white noise and lower resolution.

The mirrored Howland VCCS improves on these issues, since it has larger zout which arises from
the sum of the two single ended circuits zout [208]. The current amplitude is also larger and can be
adjusted from the THS4310’s gain (setting Rc and Rd to proper values). In Figure 6.2, simulations show
the zout and the current amplitudes for the two topologies, using the ADA4625 and OPAx210 Opamps.
Additionally, a transient simulation that includes the DAC, filter and VCCS output for parametric R8

resistor is displayed. A 300 Ω resistor in series with a 0.1 uF capacitor were used as load. The resistor
values and tolerances selected are shown in Table 6.1.

From the simulation displayed, it is shown that with a mirrored VCCS zout can reach 400 kΩ using
the ADA4625 Opamp and even 700 kΩ using the OPAx210 Opamp with R8 ≥ 4 kΩ. The load current
amplitudes are also kept at levels around 500 uAwhich are appropriate levels. In reality, the corresponding
real zout values have some randomness and may differ, however those simulations demonstrate the order
of their magnitude [208], which is an important factor to be taken into consideration during EIT designing.

Table 6.1: Fixed values and tolerances of the components in Figure 6.1 used for the current source simu
lations at LT SPICE. For all cases Rsense and RG were set to 100 Ω and 500 Ω correspondingly.

Component R1 R2 R3 R4 R5 R6 R7

Value 5.11 kΩ 221 kΩ 121 kΩ 97.6 kΩ 97.6 kΩ 100 kΩ 97.6 kΩ
Tolerance (%) 1.00 1.00 1.00 0.10 0.10 0.10 0.10

Component R8 Ra Rb Rc Rd C1 C2

Value 2.25 kΩ−6 kΩ 374 Ω 374 Ω 1.5k Ω 1.5 kΩ 1.5 nF 68 pF
Tolerance (%) 1.00 1.00 1.00 1.00 1.00  
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(αʹ) Singleended/ADA4625 (βʹ) Singleended/OPAx210

(γʹ) Mirrored/ADA4625 (δʹ) Mirrored/OPAx210

(εʹ) Transient, Singleended/OPAx210 (ϛʹ) Transient, Mirrored/ADA4625

Figure 6.2: Simulated performance (LT SPICE) of the Howland VCCS for selected values of R8: (a)–
(d): Magnitude and Phase (red thin lines) of zout for Singleended and Mirrored modified VCCS, using
ADA4625/ OPAx210. (e)–(f): Transient simulations (fin = 100 kHz) of the DAC output (produced with
MATLAB code), the filter output (Vo1) and the load currents for parametric values of R8.

In the literature, the first EIT systems developed in the late 1980s–early 1990s used singleended cur
rent sources [27, 251]. Due to the degradation caused by the relatively low output impedance, combined
with parasitic capacitances, calibration stages (negative impedances at first and Generalized Impedance
Converters (GICs) later in the mid2000 s) were used for the cancellation of stray capacitances and max
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imization of the |zout| [9, 156, 249, 252, 253, 266, 273]. This approach assisted on achieving superior
output impedance values (up to 2 MΩ at 100 kHz [156]), allowing proper operation at frequencies up
to1 MHz [9, 252, 253]. Small modifications have also been performed on the Howland VCCSs in order
to prevent oscillations (capacitors parallel to the negative feedback [156]).Some other implementations
included the mirrored VCCS [171, 274] or other approaches (Bragos) [217, 227]. In [227] the current im
balance between source and sink is addressed by measuring the current and adjusting its amplitude. Most
of those systems are characterized by zout from a hundred to several hundreds of kΩ at [10,100] kHz.

However, negative impedance circuits might suffer instability due to overcompensation of stray ca
pacitance, [228]. Furthermore GICs need continuous calibration and are incapable of performing over
large frequency spans simultaneously (limited bandwidth) [156]. Thus, often multiple GICs are essential,
where each one covers a small specific frequency range. On the other hand, differential VCCSs need
precise resistor matching with very low tolerances and cause higher white noise levels due to the large
number (and values) of resistors used [274]. In each case, the designer has to estimate the pros and cons
of his choice, taking into consideration the application targeted and its standards.

Equivalent Circuits

The subject circuit equivalent can be formed by transforming the FEM mesh along with its element
admittance values to a Nelectrode port RLC circuit. Nevertheless, apart from the examined volume’s
properties, it is important to include the effect of the electrode properties which contain: (a) their dis
placement and area, which affects the order of the measured impedance and (b) their contact impedances
that need to be balanced and depend on the electrode material. The CEM described in Section 6.1.1, as
sists to this direction, since it considers about the electrode geometry and zcontact. However, in terms of
this study, we included only the displacement in the FEM mesh; whereas the electrode equivalent cir
cuit was simulated separately at LT SPICE before the Nport inputs, in order to observe each individual
component’s effect at the measurements, and not just the zcontact value’s one.

A. Electrode Equivalent

Briefly, the simplest electrode equivalent circuit model consists of a parallel combination of a resistor
Rct and an interface capacitanceCcp (actually a constant phase component), in series with a solution resis
tor Rs which indicates the impedance between electrode and subject’s surface
(skin) [267, 275]. More detailed electrode equivalent models can be found in [275, 276, 277]. In this
particular study, simulations are reduced to 3D salted water tanks, therefore very small Rs values have
been chosen (<2 Ω). In addition, crosstalk capacitances of less than 100 pF have also been included (see
Fig. 6.3), representing the electrode lead wire capacitive effects as well as the multiplexer’s stray capac
itances. The parasitic effects caused by the electrodes, switches and lead wires can be greatly reduced
with the usage of active electrodes [21, 171, 278]. However, an active electrode system implementation
can highly increase the total hardware cost.
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Subject Equivalent

Let as consider the simulated FEM system equation, which gives the nodal voltages Ui, for i ∈
{1, ..., n} nodes: [

Am +Az Av

A∗
v AD

][
U

Vl

]
=

[
0

Id

]
(6.9)

where Am ∈ RnXn has resulted from the local element matrices assembling, Az ∈ RnXn and Av ∈
RnXN from the boundary conditions (6.2)–(6.4) and Ad ∈ RNXN refers only to the nodes where the
measurements are taken [36]. Vl ∈ RN indicate the measurements and Id the current injected. Let us
writeAk = Am +Az. Then, by expanding the system (6.9):

AkU +AvVl = 0 (6.10)

A∗
vU +AdVl = Id (6.11)

Solving for the nodal potentials and the measurements we get:

U = −A−1
k AvVl (6.12)

Vl = A−1
d Id +A−1

d A∗
vA

−1
k AvVl (6.13)

The last equation is written:

(IN×N −A−1
d A∗

vA
−1
k Av)Vl = A−1

d Id (6.14)

Therefore
(Ad −A∗

vA
−1
k Av)Vl = Id (6.15)

F (σ) = Ad−A∗
vA

−1
k Av corresponds to the sparse and almost symmetric conductivity matrix con

sidering each measuring point as a node [279]. Thus, the result is a Nport system, where each impedance
between two nodes i and j is computed as: Zij = −1/F (σ)ij [280].

6.1.3 Data Acquisition

In order to get an EIT image frame, when using a current skipi pattern and a voltage skipj pat
tern [281], N(N − 3) measurements are conventionally needed if i = j or N(N − 4) else. Each mea
surement is traditionally taken for a particular set up of current source, sink and voltage measuring elec
trodes. Between each couple of measurements, a transient effect takes place due to the analog multiplexer
switching, the network’s parasitic behavior and subject’s admittance behavior. After those effects ceased
the output signal comes to SteadyState (SS) and an integer number of periods has to be properly sampled
by an ADC (as shown in Fig. 6.4).

SPICE EIT transient simulation is set as follows: the multiplexers’ digital inputs are defined by PWL
sources. The pulse rising times tr have also been considered, according to the multiplexer’s specifications
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(ADG426). After each multiplexer’s change, a ttr time is inserted as the needed time to reach the SS.
During ttr the ADC can be initialized or send the previous samples to a DSP/MCU and set to the proper
state to sample. ttr usually lasts about 200–300 us and can be extended if the essential configurations
have not already finished.

When ttr ends, the corresponding Tstart time point is written at a .txt file by MATLAB. Then follows
the tsample (conversion time) which is the time ADC needs to sample the output signal when at SS. It is
recommended to be an integer number k (5 to 10) of the signal’s period Tin = 1/fin. After the sampling
is finished, Tstop time point is written to the text file. tc time (in the order of ns) is then needed for the
multiplexers to get the order and change their state. For each measurement we have Tstop − Tstart =

tsample and the total time needed for the acquisition of a single measurement is:

tmeas = tr + ttr + tsample + tc (6.16)

If a particular measurement is taken after a current source position change this duration is increased
as follows:

tmeas = 2tr + 2ttr + tsample + tc (6.17)

The total time when using pairwise injection protocol (adjacent/ skip0) is:

tframe = N2(tr + ttr + kTin + tc)−N(2tr + 2ttr + 3kTin + 3tc) (6.18)

tframe obviously depends on the electrode numberN , the input signal frequency fin and the ability of
the ADC to send the samples quickly to theMCU. It is assumed that any postacquisition signal processing
is performed after the acquisition process has been completed.

The output voltage signal Vout is sent to MATLAB after the SPICE transient simulation has ended.
Then sampling is performed between each Tstart and Tstop time point, using a cost minimization function
between the desired and the actual sampling times, since SPICE simulators do not use constant time steps.
Only the first 14 Most Significant Bits (MSB) out of 16 bits of the simulated ADC are used (ENOB),
since the two Least Significant Bits (LSBs) are considered as noisy and distorted.
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Figure 6.3: Complete EIT process from phantom to imaging.
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Figure 6.4: Explanatory graph of the acquisition times pipeline.

For each measuring window m ∈ {1, ..., N(N − 3)} an amplitude is obtained by the difference of
the medians between the five maximum and the five minimum voltage values from the ADC sampled
voltage values Vo,new. The amplitude values are stored in the Amplitudes(m) vector, which is usually
normalized, by setting its maximum value to 1. Amplitudes(m) vector is then utilized as raw data for
the image reconstruction. In order to get a reliable result from the process described above, it is strongly
recommended that fs << fSPICE_min, where fSPICE_min is the minimum SPICE sampling frequency,
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which is defined as the inverse of the maximum SPICE time step.

6.1.4 EIT Simulations and Results

Structures

In this work, a 3D cylindrical tank FEM model attached around with 16 electrodes has been used
as an input for the subject equivalent circuit. Each image frame occurs from the measurement differ
ence between two cases (differential EIT, used for either time differential (tdEIT) and frequency dif
ferential (fdEIT)): (a) the reference, which in this case is taken on an almost homogeneous watersalt
tank and (b) the inhomogeneous or final, where a plastic non conductive object has been inserted in
the tank. Furthermore, the FEM model has the following characteristics: height of h = 30 cm, radius
R = 15 cm and circular electrodes of rel = 0.5 cm radius attached at z = hel = 20 cm. The model contains
a total of 48080 nodes and 254,475 elements and was constructed in MATLAB with the NETGEN mesh
tool. The plastic spherical object’s centre was put at Csphere = (6.5, 0, 15) cm and its radius was selected
to be rsphere = 5 cm.

The conductivity value set to each element in the sphere was σ = 10−4S/m. For the water with
sodium chloride conductivity 2 cases have been introduced: (a) a low salt concentration where each out
ofsphere element has a σ with follows a normal distribution of µ = 0.08 and var = 16 × 10−4. (b) A
moderate salt concentration where the normal distribution of σ has µ = 0.2 and var = 4 × 10−3. The
values were chosen based on the fact that drinking water has σ < 0.05S/m and sodiumchloride natural
and sea water conductivity measurements under constant temperature (approx. 25oC) have a variability
range of 2 − 5% [282, 283, 284]. Figure 6.5 b,c show the conductivity defined at each element for both
cases, when plastic object is inserted.

(αʹ) Finite Element Model (βʹ) Low Salt σ distribution (γʹ) High Salt σ distribution

Figure 6.5: (a) 3D Phantom FEM structure model (b) Low salt conductivity distribution (c) Moderate
salt conductivity distribution per element.

6.1.5 Test Cases

At all the test cases (T1–T4), the adjacent skip0 current pattern [281] was used, along with the
NOSER onestep reconstruction algorithm, with a heuristically selected hyperparameter λ = 0.3. For
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the inverse model (where the image reconstruction is performed), a circular point electrode model which
includes 1024 equal sized triangular elements was selected. The input signal frequency was fin = 15 kHz
and fin = 100 kHz. The DAC was simulated with L = 16 bits (ENOB 14) and fs = 16fin.

FEM Simulation (T1ab): Firstly, an EM measurement simulation was performed with the EIDORS
library tool in MATLAB [72], by directly solving the forward model of the two structures described be
fore. The simulated measurements were used as inputs to the inverse problem. This test shows the imag
ing algorithm’s performance and demonstrates the measurements behaviour assuming optimal hardware
functionality. Therefore, its results (T1a for lowNa+Cl− concentration and T1b for moderateNa+Cl−

concentration), shown in Figure 6.6a–b, are used as a reference for the following test cases.
SingleEnded Current Source (T2a–d): A hardware simulation test was performed for the 2Na+Cl−

concentrations at fin = 15 kHz using the grounded load modified Howland VCCs described in Section
6.1.2. For the acquisition the ADC was assumed to operate at L = 16 bits, VADC = 3.3 V with fs =

240 ksps and fs = 1Msps. The corresponding images are displayed in Figure 6.6c–f.
Mirrored Current Source (T3ah): These simulations were also executed for the 2 structures described

in Section 6.1.4, for fin = 15 kHz (T3ad) with the sameADCproperties as in (T2) and for fin = 100 kHz
(T3e–h), with ADC simulated atL = 16 bits with fs = 1Msps and fs = 2Msps. Although theNa+Cl−

properties do not significantly change in the frequency range of [10,100] kHz (something that does not
apply to soft human tissues), the currents source’s zout is significantly reduced as shown in Section 6.1.2.
Therefore, more errors are expected to be introduced at the measurements. The results are shown in Figure
6.6g–n.

Disconnected electrode, imbalanced zcontacts (T4ab): A final Spice simulation was performed for
the case of disconnection at the 10th electrode (Rs was set to 1.5 MΩ) and increased solution resistances
at 3rd and 5th electrodes (about 10 times the other electrodes’ Rs). fin was set to 15 kHz, the mirrored
VCCS topology was acted and the 16 bit simulated ADC was sampling at fs = 240 ksps.

At each testcase T2–T4, a−55 dB SNR white noise was directly added to Spice output signals before
the ADC acquisition.

6.1.6 Error Estimation

Since the purpose is to estimate the error introduced exclusively from EIT hardware, the measure
ments simulated and the images produced for the T1 test case are utilized as the desired values. At this
point it is important to note that in order to perform a valid comparison, all cases have to be treated with
the same reconstruction algorithm parameters, defined in Section 6.1.5. It is also necessary to have all
values normalized. The Mean Absolute Percentage Error (MAPE) is defined as:

MAPEMeas =
1

M

M∑
i=1

∣∣∣∣Vdi − Vei
Vdi

∣∣∣∣ · 100% (6.19)

Where Vd is the measurement vector from the direct FEM simulation (case T1) and Ve the measurements
from the hardware simulations after the acquisition process (cases T2–T4). In addition, M is the total
number of measurement values per frame (i.e.,M = 208).
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The correspondingMAPE for the reconstructed images is defined by the following equation:

MAPEImag =
1

K

K∑
i=1

∣∣∣∣σdi − σei
σdi

∣∣∣∣ · 100% (6.20)

Where σd is the normalized σ (for absolute imaging) or difference σ vector (for difference imaging)
resulted from the FEM simulated measurements (case T1) and σe is the corresponding vector resulted
from the hardware parametric simulations (cases T2–T4).K is the number of elements used in the inverse
model (i.e.,K = 1024). Both MAPE errors are shown in Table 6.2.

-1   

-0.75

-0.5 

-0.25

0    

0.25 

0.5  

0.75 

(αʹ) Ideal Low CNa+Cl−

-1   

-0.75

-0.5 

-0.25

0    

0.25 

0.5  

0.75 

(βʹ) Ideal High CNa+Cl−

-1  

-0.5

0   

0.5 

1   

(γʹ) Case T2a
-1  

-0.5

0   

0.5 

1   

(δʹ) Case T2b

-1   

-0.75

-0.5 

-0.25

0    

0.25 

0.5  

0.75 

(εʹ) Case T2c
-1  

-0.5

0   

0.5 

1   

(ϛʹ) Case T2d
-1  

-0.5

0   

0.5 

1   

(ζʹ) Case T3a
-1  

-0.5

0   

0.5 

1   

(ηʹ) Case T3b

-0.45

-0.2 

0.05 

0.3  

0.55 

0.8  

1.05 

(θʹ) Case T3c

-0.5

0   

0.5 

1   

1.5 

(ιʹ) Case T3d

-0.5

0   

0.5 

1   

(ιαʹ) Case T3e
-1  

-0.5

0   

0.5 

1   

1.5 

(ιβʹ) Case T3f

-0.8 

-0.55

-0.3 

-0.05

0.2  

(ιγʹ) Case T3g
-1  

-0.5

0   

0.5 

1   

(ιδʹ) Case T3h

-0.85

-0.6 

-0.35

-0.1 

0.15 

0.4  

0.65 

(ιεʹ) 10th El. Disconnec
tion

-1   

-0.75

-0.5 

-0.25

0    

0.25 

0.5  

0.75 

(ιϛʹ) Corrected Image

Figure 6.6: EIT image reconstructions. (a)–(b): Ideal cases (from FEM simulated measurementsCase
T1). a): Low salt concentration, b): Moderate salt concentration. (c)–(f): SingleEnded VCCS for fin =
15 kHz (cases T2a–T2d).(g)–(j): Mirrored VCCS for fin = 15 kHz (cases T3a–T3d). (k)–(n): Mirrored
VCCS for fin = 100 kHz (cases T3e–T3h). (o)–(p): Corrupted image due to 10th electrode disconnection
(o) and modified image (p). The target object is indicated with a red circle.
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Table 6.2: Simulation parameters and Mean Absolute Percentage Errors (MAPEs) measured for cases
T2–T4. In the VCCS cell, ”SE” means SingleEnded and ”M” Mirrored.

Case T2a T2b T2c T2d T3a T3b T3c

CNa+Cl− (Low/High) Low Low High High Low Low High
VCCS (SE/M) SE SE SE SE M M M
fin (kHz) 15 15 15 15 15 15 15

fs (kSps) 240 1000 240 1000 240 1000 240

MAPEMeas (%) 12.94 11.62 53.37 33.77 9.31 7.03 25.14

MAPEImag (%) 219.66 163.70 845 337 234.83 145.47 190.45

Case T3d T3e T3f T3g T3h T4a T4b

CNa+Cl− (Low/High) High Low Low High High Low Low
VCCS (SE/M) M M M M M M M
fin (kHz) 15 100 100 100 100 15 15

fs (kSps) 1000 1000 2000 1000 2000 1000 1000

MAPEMeas (%) 18.46 19.76 17.60 55.03 48.67 200.86 94.55

MAPEImag (%) 196.24 437 242.11 328 284.86 325 221.02

We also introduce the Reciprocity Error (RE) for each homogeneous measurement set:

RE =

∣∣∣∣u(i, j)I(m,n) − u(m,n)I(i,j)

u(i, j)I(m,n)

∣∣∣∣ · 100% (6.21)

where u(i, j)I(m,n) is the voltage difference between electrodes i and j when current is injected from
electrodesm and n [156, 226].

Image Correction

In case the measurements are corrupted due to issues that are correlated with bad electrode contacts,
disconnections or ever shortcircuited lead wires, it is possible to correct the output image, provided there
is knowledge of the erroneous electrodes. Then, the weight matrixW (see Section 6.1.1) can be properly
corrected so that the inverse problem will not take into account any measurement correlated with those
electrodes [285, 286].

Results

The (normalized) difference conductivity distributions δσ estimated for each particular case described
in the previous section are displayed in Figure 6.6. The structures used for the simulations were described
in Section 6.1.4. For the filter and the VCCS parts of the hardware the ADA4625 Opamp was finally se
lected, since the utilization of numerousOPAx210Opampmodels simultaneouslywith thewhole circuitry
caused instability to Spice simulations. Due to each testcase’s various parameters, each of them is indi
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cated at Table 6.2 for clarity, along with the correspondingMAPE errors estimations. In Figure 6.7 the
(normalized) inhomogeneous amplitude measurements for the 1st structure cases (low salt concentration)
are also displayed, along with the Diametric Conductivity Plot (DCP) for both Na+Cl− concentrations
[287]. Figure 6.8 displays the reciprocity percentage errors estimated for each testcase T2a–d and T3a–h.
All results are discussed in the next section.

6.1.7 Discussion

From the simulations described, it is observed that both the reconstructed image artifacts and the
measurement and imaging errors along withRE are potentially decreased in cases when highzout VCCS
and highfs ADC are combined. Specifically, the minimum errors are obtained in test case T3b (Figure
6.6h shows the object completely in the red circle), where we used a mirrored Modified Howland VCCS
with a zout estimated just over than 1 MΩ at fin = 15 kHz according to the results in Section 6.1.2.
Furthermore, the fs is 1MSps which is over 64 times the input signal frequency fin. The corresponding
RE was estimated at 0.81% (pointed with a green triangle in Figure 6.8). That satisfies the EIT literature
hardware standards (RE < 2% for typical performance, RE < 1% for high performance) [9, 156, 226].

When the input signal frequency (fin) is increased to 100 kHz and measurements are taken at the
same structure, the mirrored VCCS zout is decreased to 400 kΩ, causing current distortion. Moreover,
the sampling rates of 1MSps and 2MSps cannot be characterized as oversampling when fin = 100 kHz.
This results in larger measurement errors (case T3f in Figure 6.6l where the case of fin = 100 kHz
exhibits greater error than case T3b in Figure 6.6d where fin = 15 kHz, while both tests use Mirrored
VCCS; same happens with cases T3d and T3g). Overall, increasing the input frequency from 10 kHz to
100 kHz causes a measurement SNR reduction from 5 dB [253] to 20 dB [156] at implemented hardware
EIT systems, resulting in a corresponding image quality reduction[156].
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(αʹ) Low salt concentration background inhomogeneous measurement sets.

(βʹ) DCP for low salt concentration (γʹ) DCP for high salt concentration

Figure 6.7: (a): Logarithmic values of the measurement (M = 208) amplitudes for the low sodium
chloride concentrations test cases. (b)–(c): Diametric Conductivity Plots (DCP) for the 2 sodium chloride
concentrations and the corresponding test cases. The target corresponds to the object’s circle’s (Figure 6.6)
diameter.
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Figure 6.8: Average Reciprocity Errors for cases T2ad (SE) and T3ah (M).

In addition, when increasing Na+Cl− concentration in the water, the mean value and range of the
background’s σ is increased (see Figure 6.5b and c). This results in lower impedance values between each
electrode channel and thus very small measuring amplitudes. Even with a 54 dBgain instrumentation
amplifier (an AD8421 with RG = 20 Ω), the measured amplitudes barely reach the value of 1mV when
the measure is performed far from the current injected electrodes. Taking into account the signal’s noise
and the ADC’s capabilities, the raw voltage input to the reconstruction algorithm suffers from very low
SNR. This has an obvious impact on theMAPEMeas andMAPEImag values as shown in Table 6.2 and
the imaging precision and quality as shown in Figure 6.6: LowCNa+Cl− cases (T2a, T2b, T3a, T3b, T3e,
T3f) have been reconstructed with greater success than the high CNa+Cl− ones: (T2c, T2d, T3c, T3d,
T3g, T3h); the results are independent of the hardware specifications used in the simulations. Since the
measurement accuracy has been reduced, theRE has increased accordingly, reaching the unacceptable for
typical EIT design levels of 4−5% (see the 4 highest values in Figure 6.8). However, in the literatureRE
is measured at homogeneous saline tanks of σ = 0.05S/m to 0.1S/m [9, 156, 226]; a value much lower
than the current value of 0.2S/m. Therefore, the low salt concentrationRE levels are more representative
for the hardware’s performance. It is also confirmed that higher measurement errors generally lead to
higher imaging errors. However, this relation is not proportional; it is rather characterized by a non
linearity which is correlated to the inverse problem’s nonlinear nature.

The Diametric Conductivity Plots (DCP, Figure 6.7b–c) show that most cases detect the decreased
conductivity in the red circle area. However, the reconstruction algorithm is not able to properly central
ize the minimum conductivity point of the target (which occurs at x = 6.5 cm), even at the EM simulation
(test case T1). This can be explained by the 3D nature of our setup; the target object is located some cen
timeters down from the electrode slice (zlayer). Therefore, the currents streamlines go through longer
distance in the field until they come across the plastic object and change direction. This results in a devi
ation between the object’s detected position and the actual horizontal position. Moreover, artifacts occur
for x < 0 cm, where the actual conductivity change δσ is negligible. The δσ in most cases follows the cor
respondingMAPEMeas andMAPEImag, since (as referred earlier) larger deviations in measurements
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lead to further imaging artifacts. A hard exception occurs for the T3b case (Mirrored VCCS, low salt con
centration, fin = 15 kHz, fs = 1MSps), where despite featuring the least erroneous measurements and
the minimum MAPEImag, it has a modest DCP error. However, an observation of the corresponding
image reconstruction (Figure 6.6h) shows that the total image artifacts are less intense than most other
cases where fin is larger and fs smaller. Besides, the red circle area identifies the low conductive blue
one.

Examining the test case T4, it is shown (Figure 6.6o) that due to an electrode disconnection the recon
struction completely fails: the target object cannot even be distinguished. However, apriori knowledge
of the structure’s behavior (a nonconductive object is supposed to appear near the red circle), combined
with careful examination of the image leads to the hypothesis that there is a major error near the elec
trodes 9–10. Properly modifying the measurement weight W matrix, we get a new measurement set,
fully uncorrelated with electrode 10, which contains 156 measurements instead of the initial set of 208
measurements. The improvement in Figure 6.6p is significant, since the majority of artifacts has been
erased. For case T4b, theMAPEmeas was estimated using only the 156 valid measurements. Thus, the
RE was not estimated for this test case.

In general, the design of an EIT hardware system is a process where numerous parameters have to be
taken into consideration and the specifications are deeply depended on its application field. For instance,
a realtime thoracicimaging EIT system needs to be characterized by very high framing speed [21, 171];
this requires higher current signal frequencies, in order to accelerate the acquisition pipeline described in
Section 6.1.2. This leads to the necessity of designing a highzout VCCS over a large frequency range;
moreover, the designer must combine the highperformance VCCS with an ADC with high throughput
rates. Another example is a brainimaging EIT system, where lower frequencies are utilized; however,
due to the skull’s very large impedance the zcontact dramatically increases and the current source should
be capable of driving much higher impedances [228].

In all cases, the use of singleended Howland current pumps without any negative impedance cali
bration or calibration via current amplitude measurement should be avoided. On the other hand, if the
designer chooses a mirrored Howland architecture he must consider carefully the resistors matching and
the amount of Johnson noise (tradeoff between balance succeeded with high valued, low tolerance resis
tors and low noise achieved by low value resistors). Furthermore, the ADC sampling rates are strongly
recommended to exceed the signal’s frequency over 10 times, a condition that has been adopted by most
EIT systems [4, 21, 171, 226, 253]. Both factors (high zout, acquisition rates) have a significant impact
on the measurements quality.

6.2 SPICEandMATLAB simulation and evaluation of Electrical Impedance
Tomography readout chain using phantom equivalents

In this subchapter, a fastidious EIT simulationmodel which is evaluated in SPICE andMATLAB soft
wares is presented. This model merges the analog circuitry stages, a subject resistive equivalent acquired
from a Finite Element (F.E.) mesh and the digital readout chain interface. Transient simulation values
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Figure 6.9: Explanatory schematic of the EIT system simulation model described.

are transfered to MATLAB, which simulates the ADC and DSP function and performs the image recon
structions. Preliminary descriptions of this model are presented in [267] and [264]. This work extends
these previous studies to three directions: A) the skip3 measuring pattern is simulated in addition to the
adjacent that is exclusively acted in the prior work, B) IQ demodulation in the digital domain is included
instead of the highly erroneous amplitude estimation and C) Total analog circuitry noise is calculated via
SPICE and added to the transient signal, instead of setting an arbitrary signal SNR that corresponds to
the majority of EIT systems. Such simulations can be proved as a useful tool for the evaluation of both
EIT design parameters and inverse reconstructing algorithms.

6.3 EIT System Simulation Model

The EIT simulation model is implemented in LT SPICE, while the digital signal processing and imag
ing is performed via MATLAB software. The analog circuitry includes a Howland Current Pump (HCP),
which drives an ac current to the electrodes through a 4−to−16multiplexer array. The voltage recording
part includes a differential signal path, containing buffers in series with DC cut highpass filters and an
instrumentation amplifier. The properly amplified signal is sent to MATLAB for processing. The SPICE
model also includes RC electrode models in order to simulate the contact impedances. The circuitry is
described in detail in [264]. In this paper, a differential, 0.1% tolerance resistor HCP is utilized, however,
the Spice interface allows to test alternative topologies for both the HCP and the voltmeter, without loss
of generality.

In addition to the analog circuitry, a subjectN port equivalent resistive circuit is added and connected
to theN electrodes (16 for this work). This comes from the transformation of the forward F.E. model that
simulates the phantom [264].
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6.4 Digital Signal Processing

The analog circuit inputs and outputs are handled by MATLAB in order to simulate the sampling and
imaging process.

6.4.1 Digital Inputs

A 16bit, 240kSps DigitaltoAnalog Converter (DAC) is simulated in MATLAB and a PWL file that
contains the sinusoidal signal is loaded from LT Spice. The multiplexers’ digital signals are also created
in MATLAB, according to the measuring pattern and the estimated simulation time [264].
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Figure 6.10: SPICE transient signal example with noise included (left column). Current is injected from
electrodes 1 and 2. The quantized signal for the first two periods is demonstrated at the right column.
The first row shows a measurement taken from electrodes 2 and 3, while the second row displays a mea
surement from electrodes 8 and 9, furthest away from the current source. Therefore, the second signal’s
amplitude is much smaller, while it suffers from the same noise amplitude and thus presents a reduced
SNR.
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6.4.2 ADC Sampling

The SPICE transient output .txt file is transferred to MATLAB and noise is added to it by integrating
the PSD simulated in Spice. The ADC function is then simulated in MATLAB as follows. Sinusoidal
steady state samplingwindows are defined after each transient effect due to switching. A total ofN(N−3)

measurement windows per frame are needed for the adjacent current pattern orN(N − 4) for other skip
protocols [26]. Since the SPICE signal is actually discrete, with nonconstant time steps, optimal Spice
output sampling points are selected at each window, according to the sampling frequency fs [264]. Then
the samples are properly quantized (Fig. 6.10). An integer number NT of periods is sampled every time,
hence fs needs to be an integer multiplier of the signal’s frequency. The simulated ADC is assumed to be
16 bit (14 bit ENOB).

Figure 6.11: Left: Power Spectral Density (PSD) SPICE noise simulation of the analog circuitry, for
1mA current and 46dB instrumentation amplifier (IA) gain, at the IA output. Right: Homogeneous and
inhomogeneous voltage amplitude measurements for adjacent pattern, fs = 4fmax and two sampling
periods (averaging) per measurement.

6.4.3 IQ Demodulation

The most applicable EIT systems use IQ demodulation in order to isolate the signal’s amplitude and
phase and reconstruct more reliable images. It has been proved that IQ leads to more accurate results
when performed at the digital domain with matched lowpass filters [170]. In this paper, this feature is
added to the simulation model presented in [264]. The sampled voltage output and input Spice signals
are quadratically interpolated and elementwisely multiplied. From the input signal, which is recorded
by measuring the voltage across a sensing resistor in series with the HCP, a 90o shifted digital signal is
obtained at each measuring window and also multiplied elementwisely with the corresponding output.
In order to acquire the dc components (cosϕ and sinϕ) of these multiplications, 10th order matched
lowpass filters characterized by an L = NT ·fs

f samples length Kaiser window and a cutoff frequency
fc = 100Hz are utilized. A group delay is calculated for each window and the mean of the rest of the
samples is recorded as an IQ measurement. All the process is performed in MATLAB, with the sampled



Digital Signal Processing 207

signals acquired from the previous DSP function.

6.4.4 Simulations and Results

In order to test the simulation interface described, as well as to compare some measuring parameters’
performance in imaging, 3 phantom testcases are specified. For all the testcases, a cylindrical F.E.M.
simulation tank with a h = 30 cm height and R = 15 cm radius is used, attached perimetrically with
N = 16 electrodes of rel = 0.5 cm radius at layer zel = 20 cm. The tank is filled with salty water of
σ = 0.08 S/m mean conductivity and 2% std (standard deviation) [264].

In the first case, a σ = 0.1 mS/m, r = 5 cm radius nonconductive sphere is placed in the tank. The
sphere’s centre is located at (x, y, z) = (6.5, 0, 17.5) cm. In the second case, the same sphere is placed at
the tank’s centre, located in (x, y, z) = (0, 0, 17.5) cm. Finally, in the third case, two 4 cm nonconductive
spheres (σ = 0.1 mS/m) are placed at (x1, y1, z1) = (−6.5, 0, 17.5) cm and (x2, y2, z2) = (6.5, 0, 17.5)

cm respectively. The purpose of these placements, displayed in Fig. 6.9, is to observe single object cases
at the boundary and the centre, as well as two symmetric object cases.

All 3 cases are tested for adjacent (current injected at neighboring electrodes) and skip3 (3electrodes
gap between the current injecting electrodes) current protocols [26]. Voltages are differentially measured
between adjacent electrodes. The current frequency is selected at f = 15 kHz, while the ADC samples at
fs = 60 kHz (OSR=4) or fs = 240 kHz (OSR=16). Furthermore, the sampling windows’ lengths per
measurement (between two multiplexing switches) are selected at NT = 2 periods and NT = 4 periods.
Therefore we examine a total of 24 image reconstructions. It has been shown that the acquired signal
amplitude SNR, when performing averaging is: [169]

SNR = 10log10

 A2(L/2)
V 2
ref

12·22b + σ2n

 (6.22)

where A is the mean signal amplitude, L the number of matched filter taps, Vref the ADC voltage range
(3.3 V simulated here), b the ADC resolution (bits) and σn the circuit noise std. The estimated SNR
values from homogeneous tank measurements are shown in Table 7.15. It is shown that increasing either
fs or L gives a significant boost to the SNR. Furthermore, when the skip3 current pattern is adopted,
the SNR is slightly better due to the higher amplitude signals acquired relatively to the adjacent pattern,
while both thermal and flicker noise do not change.

Table 6.3: Calculated SNR values (dB) for each measuring parameter case, according to (6.42).

fs NT skip0 skip3
4f 2 30.0 37.5
4f 4 33.0 40.5
16f 2 36.0 39.0
16f 4 43.5 46.5

The difference image reconstruction is performed using a singlestep GaussNewton reconstruction
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Figure 6.12: Reconstructed EIT images for the 3 cases and the measuring parameters described.

algorithm, that uses a Laplace prior and a heuristically selected hyperparameter ofλ = 0.3 that regularizes
the inverse problem’s least squares term [151]. Without loss of generality, other reconstruction algorithms
could be used as well, such as iterative GaussNewton, DBar or other priors (Tikhonov, NOSER, Total
Variation), however the point is to test the conditions under a common approach. The reconstruction
domain is a circular F.E. mesh, containing 545 nodes and 1024 elements. All reconstructed images are
displayed in Fig. 6.12.

A quantitative evaluation of the resulting images is achieved by using the Correlation Coefficient
(CC), expressed as [288]:

CC =
Cov(σtrue, σ̂)

σσtrueσσ̂
(6.23)

where σtrue is the real conductivity, σ̂ is the estimated conductivity,Cov the covariance between true and
estimated values and σ the values std. CC is 1 when no artifacts take place and is presented for all cases
in Table 6.7.

The reconstructed images show that the inclusions are properly detected, except from the 1st raw
cases (NT = 2, OSR = 4). Increasing fs andNT overall lead to better imaging results qualitatively and
quantitatively for both tested current patterns. An exception occurs for the Case III betweenNT = 2 and
NT = 4 conditions when fs = 4f and adjacent protocol is utilized, which can be attributed to the noise
randomization. Although the skip3 current pattern offers less measurements (192) than the adjacent one
(208), it is more effective in cases I and II, since it leads to higher SNR and larger field sensitivity near
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the domain’s centre. In addition, the extracted CCs in general terms follow the corresponding SNR val
ues (Table 6.3) for each fs andNT combination. We note that taking advantage of a larger fraction of the
ADC’s dynamic range (by further amplifying the signal), as well as taking more samples per measure
ment (i.e. increasing NT , which however would critically reduce the fps rate for realtime applications)
can lead to significantly better images. However, in this particular study we are focusing on simulat
ing the behavior of generic EIT systems, including the analog, digital and subject domains, either than
performance optimization.

Table 6.4: CC of the EIT images, demonstrated in Fig. 6.12.

fs NT CASE I CASE I CASE II CASE II CASE III CASE III
skip0 skip3 skip0 skip3 skip0 skip3

4f 2 0.61 0.63 0.65 0.69 0.40 0.55
4f 4 0.60 0.66 0.61 0.63 0.62 0.58
16f 2 0.75 0.73 0.70 0.75 0.76 0.58
16f 4 0.81 0.78 0.77 0.73 0.70 0.63

6.5 Evaluation of Thoracic Equivalent Multiport Circuits Using an Elec
trical Impedance Tomography Hardware Simulation Interface

Electrical impedance tomography (EIT) is a lowcost imaging technique which applies a 1 kHz–1
MHz frequency low amplitude electrical current to a subject under test (SUT) and collects the measured
voltages from an electrode cluster [4, 5]. Then, an estimation of the SUT internal conductivity distribution
is performed through a set of inverse algorithms [174]. Although EIT is characterized by critically low
spatial resolution compared to Xray, CT, and MRI, it has the advantages of the absence of ionizing
radiation, patient safety, low hardware cost (20 to 100 times compared to a CT scanner), and high speed.
High frame rates lead to significant temporal resolution, which makes EIT suitable for applications that
need realtime monitoring, such as thoracic and ventilation imaging [21, 174, 200].

EIT’s spatial resolution, however, might be further limited by signal noise, since the EIT inverse
problem is illposed and illconditioned [155]. Image artefacts that appear are also related to common
signal effects, usually caused from mismatches in the current source and between the electrode channels,
combined with limited common mode rejection ratio (CMRR) at the voltage recording circuitry [200,
227]. In addition, signal degradation due to the channels’ or IC’s stray capacitances is a factor that reduces
the image quality, especially at frequencies above 100 kHz.

In the case of realtime (dynamic) thoracic imaging, these effects are more intense, since higher signal
frequencies are required to achieve a sufficient frame rate and thus temporal resolution in order to extract
useful clinical information related to the patient’s lung functionality. We note that for perfusion (cardiac
related impedance changes) imaging, even higher frequencies and voltage SNR levels are essential [260,
289]. Furthermore, the effect of thoracic boundary change during each breath cycle, as well as the fact
that the accurate boundary shape is unknown, leads to the presence of artefacts. Two related studies
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demonstrated that a mismatch of more than 4% between the actual thoracic boundary shape and the EIT
reconstruction domain boundary has major effect in the image quality [172, 176].

Considering the many possible sources of imaging errors, the design and implementation of a good
performance EIT hardware which is capable of high signal quality excitation is the first essential step
for successful EIT imaging. Many different EIT systems have been implemented over time, both generic
and applicationtargeted. Such general purpose EIT systems are the Sheffield MK (v1 1987, v3.5 20021)
[251], the ACT 3 and ACT 4 EIT systems [249, 266], and the KHU Mark 2.5 system (2014) [156]. In
addition, some EIT systems have been developed specifically for dynamic thoracic imaging, such as the
Swisstom AG (2012), the ACE1 [171], and the systems presented in [20, 21]. These EIT systems make
use of active electrodes [230, 261] in order to reduce the effect of stray capacitances. Although there
has been such improvement in the performance of EIT systems during the last decade, their design and
implementation still remains a challenging concept and an open research topic.

Some research has been performed on how to set the proper requirements and design an EIT system.
Ref. [169] performs an SNR analysis for the voltage acquisition part of custom EIT systems, deriving
a specific model to calculate it. Ref. [170] presents a structured design methodology to achieve a high
SNR in EIT systems, focusing on the choice of the instrumentation amplifier at the voltage acquisition
part and the analoguetodigital converter’s (ADC) specifications. Similar analysis has been performed
in [290], where a lowpower readout frontend is also designed, and in [20, 21, 158], with integrated
circuit designs.

Although research has been done in system design optimization, it mainly focuses on noise compen
sation. However, the design of an EIT system faces many other challenges, such as common signal effects
due to contact impedances and parasitic effects [200]. Hence, a simulation approach which includes these
effects could actually assist in examining their possible impact in imaging quality.

Simulation approaches to EIT hardware and impedance modelling have already been presented.
In [291], a general 2D SPICE multiresolution impedance method for low frequencies is presented, where
a resistor network mesh is created. In [279], a MATLAB interface which transfers a finite element (F.E.)
mesh with assigned impedance or conductivity values to each element to a resistive multiport equivalent
was presented. This interface is part of the EIDORS library tool, which is commonly used for EIT image
reconstructions [72]. A preliminary integration of 2D F.E. mesh circuit equivalents to basic EIT circuitry
for SPICE simulation and image reconstruction was presented in [267], where the impact of electrode
shortcircuit or disconnection was simulated. This approach was extended in [264] where simulations on
3D saline tank equivalents were performed under single ended and mirrored Howland current pumps.
The DAC and ADC functions were also simulated in MATLAB, and results were acquired and compared
for 2 current signal frequencies and 2 ADC sampling rates. A minor extension was presented in [265],
where the thermal, flicker, and quantization signal noise effects, as well as the demodulation part, were
added to the previous interface.

In this paper, the SPICEMATLAB EIT simulation interface described in [264, 265] is applied to
threedimensional thoracic structures. In specific, two fine F.E. thoracic structures are extracted, based
on CT images and representing the deflated (fullexhalation) and inflated (fullinhalation) states respec
tively. Each tissue’s relative conductivity and permittivity are loaded from a web database using Python,
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according to the current signal selected frequency. Both structures are transferred to 16port RLC net
works and added in the SPICE EIT circuitry for transient simulations, resulting in two corresponding
measurement frames. Signal noise is included, and the sampling and digital processing are simulated in
MATLAB, in order to acquire the expected image reconstructions. Simulations are carried out assuming
2 electrode sizes and various ADC specifications and number of taps per voltage channel measurement. It
is noted that instead of the previously presented interface which uses only resistive equivalent networks,
in this work, both SUT conductivity and permittivity are considered, leading to a frequencydependent
RLC multiport equivalent network. Thus, a standard inphase and quadrature (IQ) demodulation tech
nique is also simulated in MATLAB. Finally, qualitative and quantitative evaluation of the reconstructed
images is performed in order to compare the corresponding image results of each simulated configuration.

The remainder of this paper is written as follows. In subsection 6.5.1, the EIT measurement principle
is briefly described. In subsection 6.5.2, the thoracic structures evaluated in this study as well as the
tissues admittance data are presented. Subsection 6.5.3 synopsizes the SPICEMATLAB interface used
for the simulations. Furthermore, in subsection 6.5.4, the reconstruction domain used, the algorithm with
its parameters, and the image evaluation method are described. In subsection 6.6.1, the hardware and
electrode configurations are presented, while presentation and comparison of the results are performed.

6.5.1 EIT Principle

In EIT, a low or medium frequency AC current (usually up to 1 MHz, depending on the applica
tion) of a small amplitude (up to 9mAp−p) is injected to the SUT through 2 selected electrodes from
an electrode array attached on its surface. At the same time, differential voltages are acquired through
other electrode pairs, rendering a set of tetrapolar measurements. The process is repeated for a number
of current electrode pairs. The final set of tetrapolar measurements acquired consists of a measurement
frame V . In timedifference EIT (tdEIT) imaging, which is usually used for realtime thoracic imaging,
two measurement frames are needed to reconstruct an image. Their difference δV is used as data in the
reconstruction algorithm.

Although many measurement patterns have been used in EIT, the most commonly utilized in lung
imaging is the adjacent pattern [292, 293]. It is characterized by the current excitation of two neighbour
ing electrodes and voltage measurement between two other neighbouring electrodes at each time [31].
Although the adjacent pattern presents low field sensitivity to the current injected near the centre of the
SUT, it is often preferred due to the fact that it offers more independent measurements compared to other
patterns [31, 281]. In terms of this work, we make use of the adjacent current pattern. However, the simu
lation interface can be easily modified in order to include other measurement patterns (as in [265], where
the skip3 current pattern is also activated [26]).

The basic EIT circuitry consists of a voltage controlled current source (VCCS) of sufficient transcon
ductance and large output impedance in the largest possible frequency range [200, 228]. The signal
waveform (usually sinusoidal, but sometimes pulse signal as superposition of multifrequency signals
is used) can be digitally produced from a digitaltoanalogue converter (DAC), controlled by a direct
digital synthesizer (DDS). The voltages are acquired by an analogue frontend (AFE) which usually in
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cludes one or more instrumentation amplifiers (IA), filters, programmable gain amplifiers (PGA), and an
ADC driver [4, 170, 200]. Both the current source and the voltage recording parts are connected through
switching multiplexers to an electrode array which is attached on the SUT surface. The analogue volt
ages are sampled from an ADC (usually successiveapproximation, SAR), and the samples are sent to a
processing unit (MCU, DSP, or FPGA), which performs the synchronization with the input signal, the de
modulation, and the switch control. Finally, the processed measurements are sent to a PC for the image
reconstruction. A brief schematic of the description above is presented in Figure 6.13. It is noted that this
is a basic EIT configuration principle and not necessarily the unique or optimal one. For example, some
systems use active electrodes [20, 21], placing the multiplexers before the VCCS (current source) and
after the first IA. Other systems drive multiple electrode pairs with more than one current frequency [274]
(these systems apply frequencydifference EIT usually used in brain imaging applications). Moreover,
some systems perform simultaneous measurements at the voltage recording frontend [171], while many
systems enact analogue demodulation before the ADC part [294, 295].
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Figure 6.13: Basic EIT hardware concept. The SUT, current injecting frontend (FE), voltage recording
FE, and the finite state machine (FSM) are included.

6.5.2 Thoracic Structures

The thoracic SUT was simulated by implementing two fine (dense) 3D F.E. models, representing the
fullexhalation (deflated) and the fullinhalation (inflated) lung states respectively (Fig. 6.14). Both mod
els were implemented in MATLAB using the NETGEN tool [186]. Each model includes the following
tissues: left lung, right lung, heart, vertebra, skin, and the (muscleplasma) background. Each tissue’s
conductivity σ and permittivity ϵ were loaded from a database demonstrated in [187, 188, 189], accord
ing to the current signal frequency selection (i.e., the frequency of the current signal produced from the
VCCS). The corresponding conductivities and permittivities per frequency between 1 kHz and 1 MHz
are demonstrated in Figure 6.15. In this particular work, we have examined measurement (current sig
nal) frequencies of 15 kHz (low frequency case) and 100 kHz (medium frequency case). For each one of
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these two frequencies, we assigned the corresponding σ and ϵ values to each 3D F.E. model’s element,
according to which one of the mentioned tissues corresponds. To take into consideration possible inhomo
geneity in each particular tissue, a standard deviation (std) of 2% for the muscleplasma background and
the heart, 3% for the lungs, and 1% for the skin and bones were assumed. The nominal values assigned
to each tissue along with the std are shown in Table 6.5.

The deflated (i.e., state where the lungs are empty) 3D F.E. model’s geometry and tissues’ boundaries
have been taken from a CTscan of a healthy adult male at the 4th intercostal muscle height. The CT
boundary and the corresponding 3D model are available online in the EIDORS library tool [72]. The
F.E. model uses this geometry as a crosssection to create a 3D fine structure, with the xaxis normalized
between −1 and 1, and the height set to 1.

For the inflated 3D F.E. thoracic model (i.e., state where the lungs are airfilled), we assumed a chest
boundary movement of 10% and a lung crosssection area increase of 15% (see Figure 6.14a)). These
values fall into the ranges described in [151]. The 3D F.E. model was created accordingly, as shown in
Figure 6.14c). In both models, we have assumed two different electrode placements. In the first,Nel = 16

electrodes were accurately placed on the 4th intercostal height (i.e., in the middle of each F.E. model’s
total height, z = 1/2). In the second one, an electrode position error has been added, assuming that
the electrodes present a 5% height std and a 3% angle std around their nominal values used in the first
configuration. Furthermore, for both placements, circular electrodes of radius 0.05 (arbitrary unit—AU)
and 0.03 AU are considered. These configurations were added in order to examine the effect of electrodes’
placement error and their size in the signal and the reconstructed images’ quality. The numbers of nodes
and elements per model and electrode configuration are shown in Table 6.6.

Deflated State Boundary
Inflated State Boundary
Deflated State Lungs
Inflated State Lungs
Spondilus
Heart

(αʹ)
1st electrode

Deflated State

(βʹ)
1st electrode

Inflated State

(γʹ)

Figure 6.14: (a) Crosssection of the F.E. thoracic model boundaries and tissues simulated for the deflated
and inflated states. (The deflated state is based on an adult male CT image.) (b) Fine thoracic F.E. model
for the deflated case (the lungs are not visible since their conductivity is similar to the background’s one).
(c) Fine thoracic F.E. model for the inflated case. The lungs’ conductivity is significantly lower than the
background’s one. In both (b,c) cases, the skin has been included.
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Figure 6.15: Left: Relative conductivity per thoracic tissue in the frequency range between 1 kHz and
1MHz. Right: Relative permittivity per thoracic tissue in the frequency range between 1 kHz and 1MHz.

Table 6.5: Assigned conductivity and permittivity values to the thoracic models’ tissues for f = 15 kHz
and f = 100 kHz. The admittance is estimated as γ = σ + jωϵϵo. For the skin and fat case, the average
values of wet skin and breast fat admittances (see Figure 6.15) were used.

Tissue σ at 15 kHz (S/m) ωϵϵo at 15 kHz (F·Hz/m) σ at 100 kHz (S/m) ωϵϵo at 100 kHz (F·Hz/m)

Heart 0.164± 0.003 0.041± 0.001 0.215± 0.004 0.0548± 0.001

Inflated Lung 0.095± 0.003 0.010± 0.000 0.107± 0.002 0.014± 0.000

Deflated Lung 0.247± 0.007 0.020± 0.001 0.272± 0.003 0.029± 0.001

Bones 0.021± 0.000 0.000± 0.000 0.021± 0.000 0.001± 0.000

Skin and Fat 0.015± 0.000 0.012± 0.000 0.045± 0.000 0.043± 0.000

Muscle and Plasma 0.350± 0.007 0.017± 0.001 0.380± 0.008 0.024± 0.001

Table 6.6: Number of tetrahedral elements and nodes of each 3D model case.

Model No of Elements (Le) No of Nodes (ne)

Inflated, Uniform Electrodes, Rel = 0.05 145,900 29,507
Inflated, Uniform Electrodes, Rel = 0.03 133,756 26,861

Inflated, NonUniform Electrodes, Rel = 0.05 146,000 29,542
Inflated, NonUniform Electrodes, Rel = 0.03 135,330 27,120
Deflated, Uniform Electrodes, Rel = 0.05 134,200 27,460
Deflated, Uniform Electrodes, Rel = 0.03 133,756 24,849

Deflated, NonUniform Electrodes, Rel = 0.05 133,529 27,328
Deflated, NonUniform Electrodes, Rel = 0.03 119,654 23,965

6.5.3 Simulation Interface

In this section, we briefly describe the simulation approach used for this work. The interface used
includes a MATLAB part which creates (with the assistance of NETGEN) the 3D models and assigns
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the tissue admittance values, loaded via Python from the database [189] to each element. MATLAB
also uses the EIDORS library tool [72] with minor modifications to transfer the 3D thoracic models
to RLC 16port equivalent networks. These networks are integrated in LT SPICE with the whole EIT
analogue circuitry, where transient simulations are executed. The transient measurements are imported in
MATLAB, where the expected white noise is added and sampling and digital processing are simulated.
From the final measurements acquired, the image reconstruction process is performed with the EIDORS
tool. The overall process is described in [264, 265]; however, for clarification, we synopsize the main
parts. Furthermore, emphasis is given in the active electrode configuration, which was not simulated in
previous works.

F.E.M. to RLC Equivalent Circuit Transformation

Considering the 3D thoracic F.E. model, we obtain the following system equation:[
Am +Az Av

A∗
v AD

][
U

Vl

]
=

[
0

Id

]
(6.24)

where U = [Ui]
ne
i=1 are the nodal potentials for the corresponding model,Am ∈ Rne×ne is the element

assembled matrix, Az ∈ Rne×ne and Av ∈ Rne×Nel express the complete electrode model (CEM)
boundary conditions [296], andAd ∈ RNel×Nel refers to the nodeswhere themeasurements are taken [37].
Furthermore, Vl ∈ Nel is the voltage measurement vector, and Id is the current injected per electrode.
By writingAk = Am +Az, it can be proved that [264, 279]

(Ad −A∗
vA

−1
k Av)Vl = Id (6.25)

By setting F (σ) = Ad − A∗
vA

−1
k Av, we obtain a sparse, almost symmetric conductivity (or ad

mittance) matrix. Therefore, the impedance between two nodes i and j (where voltage measurements are
taken) is computed as [264, 279, 280]

Zij = −1/F (σ)ij (6.26)

In the case where admittances are considered, Z ∈ CNel×Nel . Thus, each impedance Zij can be
implemented by a parallel combination of a resistor and either a capacitor or an inductor. In this way, we
compose an RLC equivalent circuit, where each terminal corresponds to an EIT electrode.

EIT SPICE Circuitry

The SPICE EIT circuitry used for the simulations is mainly based on the basic structure presented
in Section 6.5.1. It is implemented according to the passive electrode configuration (i.e., the analogue
circuitry is connected to the electrode channels via cables and switches with parasitic capacitors) and the
partially active electrode configuration (i.e., the first voltage readout stage—usually a buffer—is placed
on each particular electrode, significantly reducing the parasitic effects).

The input signal is created in MATLAB in discretized (vector) form, demonstrating aLDAC = 16bit



216 Chapter Chapter 6  A simulation interface for Electrical Impedance Tomography hardware

DAC lookuptable (LUT) [264]. LUTs for 15 kHz and 100 kHz sinusoidal waveforms are considered,
while the DAC sampling rate is simulated at 16 times higher than the corresponding input signal’s fre
quency. Each input waveform is stored in a PWL file, which is transferred to LT SPICE. In addition,
the multiplexer digital inputs, according to the measurement pattern adopted, are also stored in PWL
files, read by LT SPICE.

The analogue SPICE circuitry current injecting frontend consists of a secondordermultiple feedback
wideband band pass filter (BPF), a fully differential voltage output driver (THS413Texas Instruments),
and an enhanced mirrored Howland current pump (HCP) which acts as a VCCS. The voltage recording
frontend is implemented as a partially active electrode, exclusively in the 100 kHz input signal case,
and as a typical passive electrode for both the 15 kHz and 100 kHz input signal cases. In the active
electrode configuration, each electrode is directly connected to a buffer (which is placed very close to the
electrode). Then, each buffer’s output is connected to the IA through analogue (bidirectional) multiplexer
switches (ADG426 analogue devices) and two firstorder highpassRC filters (one per IA input channel).
In the passive electrode configuration, each electrode is directly connected to two ADG426 analogue
multiplexers, one for each differential measurement channel. Each ADG426 output is connected to a
buffer and each buffer’s output is driven to the corresponding input of the AD8421 IA through a first
order highpassRC filter. The mirrored HPC VCCS is connected to the electrodes through two ADG426
multiplexers (one for the source and one for the sink electrode) in both the active and passive electrode
configurations. The multiplexer switches on resistors are included in the ADG426 SPICE model, while
parasitic capacitances (randomly chosen in the range of 100–200 pF) between the electrode channels have
been manually added in SPICE, in order to simulate parasitic effects. Furthermore, to include channel
imbalance effects at the output (i.e., common signal effects), unequal resistors (20–60 Ω) have been
introduced to each measurement channel. Finally, the electrodes are modelled as in [264], according to
the descriptions in [275, 276, 277] (assuming AgCl electrodes). A brief schematic of both configurations,
including the parasitic effects and channel impedances, is presented in Figure 6.16.
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Figure 6.16: LT SPICE analogue circuitry configurations for (a) passive electrodes (cables and switches
between the readout frontend circuit and the electrode) and (b) partially active electrodes (the first stage
of the readout circuit is implemented directly on each particular electrode). Bluecoloured components
indicate the parasitic capacitors and channel resistors added to simulate their effect.
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Sampling and Digital Signal Processing

A transient simulation is performed in LT SPICE for each image frame. Its total duration depends
on the input signal’s frequency as well as the selected time between two particular differential voltage
measurements. The simulation stops when all the measurements defined by the selected pattern (adjacent)
have been acquired. The transient results are written on a text file and sent to MATLAB for processing.
The input reference signal is also measured from an IA and sent to MATLAB, in order to sample it and
demodulate it with the output signal. Finally, a noise simulation at the SPICE circuit produces a power
spectral density diagram (PSD). The total amount of noise, resulting from the integration of PSD, is added
to the IA signal output in MATLAB [265].

AMATLAB software program simulates the ADC function in the following way. First, the number of
bits LADC and the sampling frequency fs are selected. Assuming negligible conversion times, the time
points where the signal must be sampled are defined for each measurement window (time space between
two switch changes) [264]. Then, for each defined time point, the nearest corresponding SPICE time
value is found and the corresponding transient voltage value is sampled (note that the longest timestep in
LT SPICE simulations is set to 100 ns, many times smaller than the ADC sampling period which is 625
ns at maximum). The sampling process is explained in detail in [264].

The sampled values from the input and output signals are stored in binary form (dropping the two
LSBs which are assumed as noisy), and IQ demodulation is performed (see Figure 6.13). The multiplica
tion results are driven to an adder, which actually acts as a digital low pass filter (LPF). From the inphase
and quadrature results, the signal amplitude of each measurement window is estimated. The final set of
amplitudes is then used as data for the difference image reconstruction.

The whole simulation interface is shown in Figure 6.17. It includes the MATLAB/NETGEN mod
elling interface, where the tissues’ electrical properties are loaded from the mentioned database to the two
3D simulation structures (deflated and inflated). These structures are transformed to an RLC equivalent
circuit, which is simulated at LT SPICE, along with the whole analogue EIT circuitry, which is shown in a
“white box”. Any noise, parasitic effects, channel mismatches, and components’ nonidealities are added
in the SPICE circuitry. The SPICE transient measurements are transferred in MATLAB to be processed
as described before, and the reconstruction is performed with the EIDORS tool.
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Figure 6.17: Brief diagram of the proposed thoracic EIT simulation interface.

It is important to note that both the simulated analogue circuitry and the digital part are not optimal
and are not necessarily recommended for novel EIT system designs, since this is beyond the scope of
this work. Instead, the simulations presented compare the expected performance of stateoftheart EIT
hardware designs at different configurations in lung imaging. However, the simulation interface proposed
can be easily modified to simulate the performance of new hardware designs.

6.5.4 Reconstruction and Evaluation Method

In this section, a description of the image reconstruction approach is written, presenting the selected
algorithm and its parameters. Furthermore, a method for quantitative evaluation of the produced images
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is presented, in order to perform a more considered comparison.

Image Reconstruction

Assume that δV is the difference voltage data, acquired from two continuous measurement frames
(e.g., from a thoracic deflated and inflated state, respectively). We also assume a 2D EIT coarseelement
reconstruction domain Ω, consisting of Lc triangular elements. This domain’s elliptic boundary ∂Ω dif
fers from the 3D thoracic F.E. (both deflated and inflated states) boundaries since (A) the SUT boundary
is not accurately known in real EIT lung imaging applications, and (B) to obtain a robust reconstruction
result, we need to avoid the wellknown inverse crime [155]. Then, the conventional differenceEIT re
construction is considered as an optimization problem, where we have to find the optimal δγ (admittance
change) distribution that minimizes the following quantity [54]:

δγ∗ = argmin
γ∈CLc

{
F (δγ)

}
(6.27)

where
F (γ) = ∥U2(γo + δγ)−U1(γo)− δV ∥2W + λ2P (δγ). (6.28)

In the expression above,U1(γo) andU2(γo+ δγ) are the simulated electrode voltage vectors at the
two states (assuming admittance distributions γo and γo+δγ in Ω, respectively),W is a weighting ma
trix, λ is the regularization hyperparameter, andP (δγ) is the regularization term [4, 54, 174].We note that
regularization is essential, since the EIT reconstruction problem is both illposed and illconditioned [4,
155]. It is also a heavily nonlinear problem.

For this particular work, we use the linearized differenceEIT reconstruction with a smooth regu
larization term. This is the most common approach in dynamic thoracic imaging, since it enacts only
one reconstruction step, allowing realtime imaging. However, it often suffers from accuracy, since the
admittance changes during the breath cycle are usually significant [151]. The linearized differenceEIT
reconstruction assumes small admittance changes near γo; hence, Jδγ ≃ U2(γo+δγ)−U1(γo), where

J =
∂
(
U2(γo + δγ)−U1(γo)

)
∂δγ

(6.29)

is the Jacobian matrix. The optimization problem (6.27)–(6.28) then becomes

F (γ) = ∥Jδγ − δV ∥2W + λ2 ∥δγ∥2Q . (6.30)

whereQ is the prior regularization matrix [54]. We enact generalized Tikhonov regularization, obtaining
the following singlestep solution [54, 174]:

δγ =
(
JTWJ + λ2Q

)−1(
JTWδV

)
(6.31)

In terms of this work, the Laplace smoothness prior is used for the reconstruction [54]. However,
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other priors, such as the NOSER, standard Tikhnonov, or Gaussian could be also used to obtain the EIT
images without loss of generality. The hyperparameter has been heuristically selected to λ = 0.1 for all
the cases. We note that the selection of singlestep generalized Tikhonov regularization is indicative, and
more recent approaches, such as learning approaches [118, 142, 145], could also be applied and can be
considered for future work.

The reconstruction domain Ω is a Lc = 1024 triangular element 2D thoracic shape mesh, shown in
Figure 6.18a. The gap electrode model has been applied in this domain to model the electrodes [22, 23].
Shape mismatch between the true (crosssection 3D) boundary and the reconstruction domain’s bound
ary (∂Ω, Figure 6.18b) introduces a minor modelling error. However, the exact thoracic shape is never
accurately known, and it also changes during the breath cycle [21, 176].

(αʹ)

Deflated State "True" Boundary
Inflated State "True" Boundary
Reconstruction Domain Boundary

(βʹ)

Figure 6.18: (a) 2D reconstruction thoracic domain (Ω). (b) Shape mismatch between the “true” cross
section model and Ω.

Image Evaluation Method

To evaluate the reconstructed images, we have to set a reference image for the comparisons on the
same domain Ω. ∂Ω, however, differs from both the 3D models’ boundary shapes. As a result, it is nec
essary to primarily set a “true boundary” 2D reference, based on the crosssection of the 3D models.
At this point, we take into consideration that (A) the 3D model’s shape is not constant, and (B) we per
form differenceEIT imaging; thus, we reconstruct a single EIT image which represents the conductivity
(and permittivity) differences between the two states. To this end, we assume two “true boundary” cross
section 2D references, one for the deflated and one for the inflated case. Then, the Ω domain reference
image is created in the following way. First, we scale the Ω and each “true boundary” domain in the
yaxis, matching them as shown in Figure 6.18b. Their horizontal limits are also normalized between−1

and 1. Secondly, we assume Ai to be the Ω domain’s ithelement area (i = {1, 2, . . . , Le}). For each
element i, we find the following weight vector:

wi
d = [wi

j,d]
6
j=1 ∈ R6×1 (6.32)
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which represents the percentage of Ai which is included in the following corresponding six tissue curves
of the deflated state “true” domain: left lung, right lung, vertebra, heart, skin, and muscleplasma. The
corresponding vector which represents the tissues’ (mean) admittances at the deflated state is defined by

γt,d = [γj,d]
6
j=1 ∈ C1×6 (6.33)

Then, we compute the corresponding reference admittance as (see Figure 6.19a)

γr,d,i = γt,d ·wi
d ∈ C (6.34)

In the same way, we compute each i element’s reference admittance for the inflated state:

γr,f,i = γt,f ·wi
f ∈ C (6.35)

where
wi

f = [wi
j,f ]

6
j=1 ∈ C6×1 (6.36)

is the ith element’s weight vector at the inflated state and

γt,f = [γj,f ]
6
j=1 ∈ C1×6 (6.37)

the vector which represents the tissues’ (mean) admittances at the inflated state. We set the deflated and
inflated state reference admittances for the domain Ω:

γr,d = [γr,d,i]
Le
i=1 ∈ CLc×1

γr,f = [γr,f,i]
Le
i=1 ∈ CLc×1

(6.38)

The final Ω domain reference has the following admittance difference values:

γr = γr,f − γr,d (6.39)

where γr ∈ CLe×1. The reference image obtained is shown in Figure 6.19b.



Results and Discussion 223

γi1r,d=γ1,d*w
i1
1,d+γ6,d*w

i1
6,d γi2r,d=γ4,d*w

i2
4,d+γ6,d*w

i2
6,d

(αʹ) (βʹ)

Figure 6.19: (a) Visualization of the process to obtain the Ω domain reference image. (b) The Ω domain
reference image (15 kHz case).

At both the reference and the reconstructed images, the δs = [∥δγi∥]Lc
i=1 ∈ RLc×1 (amplitude) term

is demonstrated. For the quantitative evaluation and comparisons, the correlation coefficient CC metric
has been considered, defined as follows:

CC =
Cov(δsr, δ̂s)

Std(δsr)Std(δ̂s)
(6.40)

where δsr is the ground truth admittance amplitude, δ̂s is the admittance amplitude distribution estimated
from the image reconstruction, and Cov is the covariance between reference and estimated values. The
value ofCC ranges between 0 and 1, and higherCC indicates more similarity between the reference and
the reconstructed image.

In addition, to enhance the quantitative evaluation, the relative reconstruction error RRE metric has
also been used, defined as follows [142, 145]:

RRE =

∥∥∥δsr − δ̂s
∥∥∥
2

∥δsr∥2
(6.41)

We note that for the calculation ofRRE, both δsr and δ̂swere normalized between−1 and 1. Higher
RRE indicates a larger error between the reference and the reconstructed image.

6.6 Results and Discussion

In this section, the simulation cases are firstly defined, based on the electrodes’ properties, dimen
sions, and deviation and the digital acquisition part’s configurations. The theoretically expectedSNRs are
also computed for each ADC configuration case. In addition, the obtained images per case are presented,
as well as the resulting CC metrics. Furthermore, both qualitative and quantitative results are discussed.
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Simulation Cases

For the simulations, we consider two input sinusoidal frequencies: f = 15 kHz and f = 100 kHz (see
Section 6.5.3). For the f = 15 kHz case, SPICE simulations are carried out using the passive electrode
configuration, while for the f = 100 kHz, both passive and active electrode configurations are consid
ered. This is because parasitic effects are much more significant at f = 100 kHz than at f = 15 kHz.
Furthermore, for each of the previous three cases, we examine (A) accurate electrode placement on the
4th intercostal height, (B) electrode deviation (5% height and 3% angle), (C) circular electrodes of 0.03
(A.U.) radius, and (D) circular electrodes of 0.05 (A.U.) radius (for further details, see Section 6.5.2).
Moreover, we simulate the following ADC cases: (A) resolution of LADC = 12 bits and sampling rate
of fs = 4f , (B) LADC = 16 bits and sampling rate of fs = 4f , (C) LADC = 12 bits and sampling
rate of fs = 16f , and (D) LADC = 16 bits and sampling rate of fs = 16f . Finally, we also consider
NT = 2 and NT = 4 sine periods to be sampled per voltage channel measurement (see [265] and Fig.
6.20). Hence, we obtain a total of 96 subcases for imaging, evaluation, and comparison.
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(αʹ) (βʹ)

(γʹ)
(δʹ)

Figure 6.20: Transient plus noise simulations and ADC sampling process for some particular voltage
channel measurements, when at deflated state, acting at 15 kHz, 2mAp−p current signal, and considering
0.05 radius passive electrodes without position deviation. Sampling and quantization is performed for 2
sine periods, as shown in each right part. Current is injected from the 1st and the 2nd electrodes (adjacent
current protocol). The ADC resolution is considered at 12bit (10bit ENOB) with a 3.3 V reference
voltage. (a) Adjacent voltage measuring between the 3rd and the 4th electrodes. (b) Adjacent voltage
measuring between the 4th and the 5th electrodes. (c) Adjacent voltage measuring between the 5th and
the 6th electrodes. (d) Adjacent voltage measuring between the 6th and the 7th electrodes. As the voltage
measuring electrode pair becomes far from the current injecting pair, the noise effect becomes more
significant, due to the signal’s amplitude decrease.

The expected voltage amplitude SNR can be computed according to the following formula [169]:

SNR = 10log10

 A2(K/2)
V 2
ref

12·22LADC
+ σ2n

 (6.42)

where A is the mean acquired voltage signal amplitude,K the number of matched digital LPF filter taps
(samples) at the IQ demodulation part, Vref the ADC voltage reference (3.3 V in the simulated cases),
LADC the ADC resolution (bits), and σn the circuit noise std. The ratio Vref/2LADC denotes the LSB
voltage range. Furthermore, the number of taps per measurement is defined byK = NT ·fs/f . As voltage
signal amplitude A, we take the mean amplitude between all the channel measurements (208 for the
adjacent pattern when 16 electrodes are attached [4, 27]). For the SNR estimation, we also assume that it
is not considerably affected by the electrode configurations or the patient’s state. However, if we consider
different topologies than in Figure 6.16, possible changes in noise levels between active and passive
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electrode configuration should be considered (see [21]). Moreover, an increase in signal frequency has a
substantial role in SNR reduction, firstly due to the need for higher sampling frequencies fs and secondly
due to the lower voltages acquired, resulting from the increased tissue admittances (see Figure 6.15 and
Table 6.5). Therefore, we examine 16 different SNR cases, as demonstrated in Table 6.7. A σn value
of 4.2mVp−p was extracted from LT SPICE noise simulations. This value strongly depends on the input
current amplitude and the instrumentation amplifier’s gain (set as 2mAp−p and 200V/V, respectively, for
these particular simulations). Table 6.7 shows the calculated voltage amplitude SNR per case.

Table 6.7: Calculated mean SNR values (dB) for each measuring parameter case, according to (6.42).

f (kHz) LADC (bits) fs NT SNR (dB)

15 12 4f 2 27.5

15 12 4f 4 30.5

15 12 16f 2 33.5

15 12 16f 4 36.5

15 16 4f 2 27.5

15 16 4f 4 30.5

15 16 16f 2 33.5

15 16 16f 4 36.6

100 12 4f 2 20.8

100 12 4f 4 23.8

100 12 16f 2 26.8

100 12 16f 4 29.8

100 16 4f 2 20.8

100 16 4f 4 23.8

100 16 16f 2 26.8

100 16 16f 4 29.9

As demonstrated, the expected voltage SNR is reduced as the input signal frequency increases from
15 kHz to 100 kHz. At the same time, increasing the sampling frequency from 4 to 16 times the signal
frequency and the sampled periods from 2 to 4 (i.e., the number of taps/samples per measurement) leads to
improved SNR values. In addition, an increase in the ADC resolution did not have a noticeable effect on
SNR in the cases tested. This can be explained by observing (6.42) denominator term. It is demonstrated
that if noise level σ2n from the analogue circuitry is significantly higher than the first term, then the ADC
resolution does not have a substantial role in the SNR. Nonetheless, this noise can be filtered from the
digital LPF by increasing the samples per measurement (K).

We note that these SNRs are the mean ones per each particular measurement frame. In fact, there is
a large variation between the voltage channels’ measurement SNRs, due to the wide voltage amplitude
range. For example, voltage electrode pairs close to the current electrode pair drive significantly higher
voltages than the voltage electrode pairs on the other side of the setup, resulting in higher SNR levels.
It is also noted that the selected hardware circuitry, as well as the ratio between the voltages acquired
and Vref , is not optimized in this particular work. However, the simulation interface presented can be an
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effective tool for this direction.
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6.6.1 Simulation Results

The images obtained for f = 15 kHz and passive electrode configuration are shown in Figure 6.21.
The corresponding CC and RRE values are shown for each subcase. In almost all the images, the ad
mittance reduction due to the change between the endinspiration (deflated) and endexpiration (inflated)
states is visible. However, some artefacts are present, including a ringing effect between the lungs (which
is often misinterpreted as “heart” [71]) or near the boundary. Furthermore, in some cases (especially when
sampling with lower rates), the lungrelated admittance change regions appear very close to the recon
struction domain’s centre.
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Figure 6.21: Simulation results for 15 kHz input signal and passive electrode configuration. All further
hardware configurations, as well as the corresponding CCs and RREs, are noted in the figure.
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The presence of artefacts is a result of hardware noise and issues (electrode’s contact impedances,
common signals between the channels, etc.), boundary and tissues’ motion, and the illposed and ill
conditioned nature of the inverse problem (low noise levels can lead to strong artefacts) [113, 155, 200].
When lower sampling rates fs or when a lower number of sampling periods (NT ) is set, the intense change
of the lungs’ admittance near the chest is often not properly detected. This is verified quantitatively, where
for fs = 60 ksps and NT = 2, we obtain a CC between 0.58 and 0.71, while for fs = 240 ksps and
NT = 4, CC takes values between 0.58 and 0.77. The electrode’s surface area seems to be an important
factor, since smaller surfaces lead to higher contact impedances. The contact impedance effect is more
intense at lower frequencies [297, 298]. Mismatches between the channels’ contact impedances may lead
to common signals, especially at the voltage recording circuitry part. This can explain the improved per
formance (CC of 0.68–0.77 and RRE of 0.50–0.64) observed for an electrode radius of 0.05 compared
to this for the 0.03 radius electrode configuration (CC of 0.58–0.70 and RRE of 0.61–0.78). Further
more, a small electrode position deviation overall leads to minor additional image artefacts, assuming
the same gap electrode model for each reconstruction. This is anticipated, since we enact differenceEIT
imaging, where minor modelling errors are compensated [175]. Finally, as expected, an increase in the
ADC resolution LADC for 12 to 16 bits does not lead to significant reconstruction improvement with the
presence of relatively high white noise levels (see Section 6.6 and Table 6.7).

Overall, for the 15 kHz passive electrode case and high white noise levels, we conclude that the
electrode radius and the total number of taps per measurement (proportional to fs and NT ) are two key
factors for the image reconstruction performance. In addition, according to (6.42), for lower analogue
circuitry noise levels, the ADC resolution is also expected to boost the performance. However, such a
case has not been simulated in this particular work.

The reconstructed images for f = 100 kHz and passive electrode configuration are demonstrated in
Figure 6.22. First of all, it is observed that the overall spatial resolution and image quality are reduced,
compared to the corresponding 15 kHz case. Although the electrodes appear to have reduced contact
impedances at this frequency, the parasitic effects taking place between the channel cables become more
critical. These effects, combined with the reduced VCCS output impedance and instrumentation ampli
fier’s CMRR, lead to image quality degradation [200, 227]. However, due to the low contact impedances,
the electrodes’ surface does not significantly affect the performance (CC between 0.54 and 0.74, RRE
between 0.54 and 0.74 for the 0.03 radius cases and CC between 0.51 and 0.76, RRE between 0.54

and 0.71 for the 0.05 radius cases). As in the 15 kHz cases, the electrodes’ position deviation has a small
impact on the images’ quality. The best results are obtained by increasing the number of taps per mea
surement (maximum CC is observed for fs = 1.6Msps and NT = 4 sampling sine periods. A small
improvement is observed when increasing the ADC resolution from 12 to 16 bits.

The EIT images for f = 100 kHz and the active (on the voltage recording part) electrode configu
ration are finally shown in Figure 6.23. A slight improvement of the image quality is detected, mainly
due to the reduction of cable parasitic effects at the voltage measurement channels. The maximumCC of
0.77 (corresponding minimum RRE of 0.52) is achieved for nondeviated, 0.05 radius electrodes, when
a 16 bit resolution ADC is utilized, sampling at 1.6 Msps for NT = 4 sine periods. As in the passive
electrode cases, the performance is less affected by the electrode deviation and the ADC resolution and
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mostly affected by the total number of taps per measurement channel. In addition, the electrode surface
has minor effect on the performance, due to the lower contact impedances presented at f = 100 kHz.
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Figure 6.22: Simulation results for 100 kHz input signal and passive electrode configuration. All further
hardware configurations, as well as the corresponding CCs and RREs, are noted in the Figure.
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Figure 6.23: Simulation results for 100 kHz input signal and active electrode configuration. All further
hardware configurations, as well as the corresponding CCs and RREs, are noted in the Figure.

Discussion

From the results presented above, we can observe the effects of contact impedances, parasitic effects,
noise, and shapemismatch under different hardware configurations andmeasurement frequencies. Specif
ically, the contact impedance effect becomes more intense at lower frequencies. However, the absence
of capacitive effects and attenuation allows a moderate to good performance with a passive electrode
configuration, which is achieved at 15 kHz (see Figure 6.21).

At higher input sinusoidal signal frequencies, the use of an active electrode configuration is essen
tial for achieving a sufficient image quality by reducing the capacitive effects. Such systems have been



232 Chapter Chapter 6  A simulation interface for Electrical Impedance Tomography hardware

already implemented in [21, 171, 230]. Fully active electrode EIT systems that implement the current
source near each corresponding electrode pair have shown even better performance, since apart from the
voltage channels’ parasitic effects, they compensate for the current channels’ ones. In [21], a comparison
between passive and fully active electrode configurations on a lungimaging EIT system has shown su
perior performance for the second case over a high frequency span. Hence, higher signal frequency spans
can be achieved with active electrodes that allow higher temporal analysis which is essential for realtime
lung imaging applications.

Furthermore, high noise levels from the circuitry can be taken care of by increasing the ADC sampling
frequency fs and the number of sine periodsNT that are sampled per measurement window. This leads to
the increase of the number of tapsK per measurement and benefits the SNR values, according to (6.42).
In this way, the matched LPFs’ performance is improved (after IQ demodulation) by actually performing
signal averaging. Some systems, such as [171], use a highK per measurement window and achieve good
voltage SNR levels. However, increasingNT also increases the total time needed to take a measurement
frame. As a result, lower image frame rates are obtained, significantly reducing the imaging temporal
resolution. Therefore, lung imaging has to be performed at frequency rates above 100 kHz and relatively
high sampling rates fs. In addition, these frequency ranges usually include valuable information about the
thoracic tissues’ electrical behavior [21]. Nonetheless, there is always a tradeoff between signal noise
and frame speed. Refs. [20, 21], for example, achieve an imaging speed of more than 100 frames per
second (fps) at a 1 MHz signal frequency; however, the SNR rates fairly drop between 125 kHz and
1 MHz. On the other hand, ref. [171], which, as mentioned, uses a large number of filter taps, keeps a
high SNR by dropping the speed to lower than 20 fps. Moreover, another way to increase the SNR
is by enacting higher amplitude current signals. However, apart from the patients’ safety consideration,
this solution demands higher power supplies and thus power consumption, which would be impractical
in the case of active electrodes. The usage of a programmable gain amplifier (PGA), which amplifies
the voltage signals collected from electrodes that are far from the current source pair, could also improve
signal resistance to noise [158, 227]. Finally, the effect of enacting different current patterns instead of the
adjacent one to SNR has been partially studied in [265]. Skip current patterns might increase the signal
amplitude; however, sometimes they have a negative effect at the imaging reconstruction process, since
they lead to a more illposed problem than the adjacent pattern. This happens due to the reduced number
of electrode boundary measurements and the reduced number of independent measurements [26].

Finally, the shape mismatch between the chest (surface attached by electrode array) boundary and the
reconstruction domain, as well as the boundary motion, leads to further image artefacts. Boundary track
ing methods, such as the use of accelerometers, have recently been proposed to overcome this effect [21,
176]. Although these methods can improve the image quality, they are often more expensive, due to the
extra hardware needed. Furthermore, since the boundary motion due to the breath (or even the subject’s
movement) is continuous, artefacts will be still present due to the fact that the reconstruction domain
does not change through the imaging frames. Until now, such change in realtime thoracic EIT imag
ing applications is not applicable due to the complexity and time the mesh refinement needs. Therefore,
compensation of motionrelated imaging errors in EIT imaging applications is still a field under research.

A prior code implementation of the proposed interface can be found online on the following website:
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https://github.com/chdim100/SPICE-MATLAB-Interface-for-Electrical-Impedance-Tomography-Simulation-SPICEIT-

(accessed on August, 7, 2021).

https://github.com/chdim100/SPICE-MATLAB-Interface-for-Electrical-Impedance-Tomography-Simulation-SPICEIT-
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7 Miscellaneous Modeling and
Simulation works and

considerations

This chapter includes the content from 3 research works, related with miscellaneous modeling and
simulation approaches, applications and considerations. In the first section, a parametric tunable two
dimensional timevariant thoracic model is presented. The work’s purpose, which is published in [192]
is to search the effect of tissues boundaries’ movement during the measurement process on the image
reconstruction quality. In the second section, which corresponds to [297], the tetrapolar impedance setup
skinelectrode contact impedance is modeled using Cole models in an active element analog circuitry
implementation. Finally, in the third section, which corresponds to [303], an analogue realization of
fractionalorder healthy and cancerous lung cell models for Electrical Impedance Spectroscopy (EIS)
is presented.

7.1 A highly tunable dynamic thoracic model for Electrical Impedance
Tomography

A timedependent, flexible, 2dimensional fine thoracic FiniteElement model for continuous lung
Electrical Impedance Tomography (EIT) imaging is presented. It can be used as a tool to identify lung
EIT hardware specifications, such as minimum frame rate, number of electrodes and noise requirements,
as well as for prior evaluation of EIT reconstruction algorithms, before applying invivo data. Themodel is
parameterized with respect to electrodes’ characteristics, the measuring protocol, structural and temporal
properties of the thoracic tissues. It is implemented in FEMM using a script generated byMATLAB code,
while the measurements are acquired also by MATLAB. The electrodes’ contact impedances, as well as
the changes in electrical and geometric properties of the thoracic tissues due to breathing and perfusion,
during each particular measuring frame, are taken into account.

7.1.1 Introduction

Electrical Impedance Tomography (EIT) is a radiationfree, noninvasive and fast medical imaging
technique, in which a small amplitude, medium frequency (kHz) and safetystandard current is applied
through an electrode array in the under examination domain. From the raw voltages acquired, a conductiv
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ity distribution map of the subject’s interior is estimated. EIT is safer, faster and cheaper than Computed
Tomography (CT) or Magnetic Resonance Imaging (MRI), while offering portability and exceptional
temporal resolution. This makes EIT sufficient for continuous monitoring applications, such as realtime
lung imaging of patients with respiratory failure, that require mechanical ventilation, or neonates that
should never be subjected to any ionizing radiation [21],[174].

Despite its remarkable capabilities in applications that require sufficient temporal resolution, EIT
lacks adequate spatial resolution and robustness in noisy measurements. Therefore, carefully designed
and high quality performance hardware systems are deployed in order to achieve high SNR level bio
signals. Over the last 40 years of EIT development, important steps have been accomplished to this di
rection, with the implementation of high performance academic and commercially available, generic and
application targeted systems [21], [156], [171]. Moreover, significant research has been performed in the
image reconstruction problem formulation and postprocessing algorithms [151],[174]. However, EIT
has not yet become widely applicable in medical equipment.

As a result, there is a lack of available EIT invivo data, relative to other imaging techniques, which is
essential for the validation of reconstruction algorithms, the determination of system standards, compar
isons and even training Machine Learning structures that are currently gaining popularity in EIT appli
cations [118], [127]. Recently, some notable efforts have been made for the classification of opensource
EIT data; however, there is still a large field for new investigations [72].

Absence of medical data makes the usage of accurate simulation models necessary for the evalua
tion and testing of reconstruction approaches. Although numerous accurate F.E.M. structures have been
utilized for many applications, in ventilation TimeDifference EIT (TdEIT) imaging, most of them are
actually reduced to two extreme states: fullinhalation and fullexhalation of the lungs ignoring all in
between instances [293], or changes during an individual frame measurement [151]. Furthermore, many
of them do not consider the shapechanges of both the boundary (and hence the exact electrode positions)
and the tissues during breathing. What actually happens in lung EIT monitoring is that each measuring
frame needs a time interval to be recorded. During this space, both electrical and geometric properties
are continuously changing. Therefore, for modest frame rates (< 30fps), each set of measurements per
frame can not be considered as an EIT “snapshot”.

Hence, a thoracicEIT simulation model which includes numerous shape, conductivity and permit
tivity states is essential for observing EIT images’ behavior through various frame rates, correlated with
other parameters such as the electrode number, biosignal noise levels and measurement pattern. This
view can lead to useful conclusions for both the design and the functional parameters of a ventilation
monitoring EIT system.

In this section, a highly tunable, twodimensional dynamic thoracic F.E.M. model is presented, which
includes the following tissues: skin and fat, bones, lungs, muscle and heart. The electrodes’ number and
characteristics, structure geometry, breathing times and Heart Beat Rate (HR) as well as the Frames Per
Second (FPS) and measuring strategy (skip protocol [26]) can be initially defined. Collapsing regions
can also be defined. The timevariant model is implemented based on CT images by using MATLAB
and FEMM software tools in the following way: a .lua script is created by a MATLAB code and exe
cuted in the FEMM software, where a particular shape, conductivity and permittivity state of the thorax
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is sketched at each time step. The shape and position states of all tissues except heart, are determined
by the corresponding ventilation cycle states, while conductivity and permittivity are specified by the
superposition of ventilation and blood circulation cycles.

This paper is organized as follows. In subsection 7.1.2 the EIT measurement principle is described.
In subsection 7.2 the model’s parameters and properties are extensively described. In subsection 7.2.1,
the process performed for the model’s execution and measurement collection is presented. Furthermore,
in subsection 7.2.2, time evolution simulation results are displayed and compared for selected initial
parameters.

7.1.2 EIT measurement principles

Although different types of measuring techniques have been developed, the most conventionally used
is the current skipm, voltage skipn protocol [26]. In a N electrode EIT system, a bipolar AC current
source is applied to two electrodes with a gap ofm electrodes between them, while differential voltages
are acquired from two other electrodes, at a distance of n electrodes between each other (tetrapolar mea
surement). After the voltage measurements are taken, the bipolar source is shifted to the next electrode
pair and potentials are collected in a serial or parallel way. The process described above continues for all
N current electrode pairs and is briefly demonstrated in Fig. 2.1.

For each current electrode pair injection, h = N−3 voltage measurements are acquired whenm = n

or h = N − 4, in casem ̸= n. Therefore, for all current source positions, a total number ofN ·h voltage
measurements is taken, which together create a single EIT measurement frame and are utilized in order
to extract a static image through an inverse reconstruction algorithm. If fr denotes the imaging frames
per second (fps), then the total time needed for a frame is tfr = f−1

r . For our model, we assume that
the time interval between two continuous current electrodepair position changes is a discrete time step
tstep = tfr/N .

However, to compensate for modeling errors, differential frame imaging in time or frequency domains
(TdEIT or FdEIT) is extensively adopted [174], where an initial frame is utilized as reference. ventilation
monitoring is one of the most widespread applications of TdEIT, where L measurement frames are
needed for the reconstruction of L − 1 images. Since the reference is usually the first frame, lung Td
EIT does not reveal the absolute conductivity distribution of the examined thoracic domain. Instead, it
illustrates an estimation of the conductivity variations, compared to the first frame each time. This can
provide temporal information for pulmonary operation over time which in these applications is more
important than real conductivity values. The latter can be later approximated by applying appropriate
apriori data about the corresponding tissue conductivities.

7.2 Model Structure and Parameters

The twodimensional thoracic model implemented represents a specific crosssection of the thorax.
Although the actual thoracic geometry is threedimensional and many 3D models have been utilized
for EIT reconstruction algorithm evaluation [151], no models that include temporal tissue boundary and
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admittance behavior during particular frames exist in the literature. The development of a high temporal
resolutionmodel needs to be primarily in 2Ddue to the large numerical complexity of the problem, caused
by continuous reshaping and remeshing.

Tissue Movement

The model described has a dynamic behavior during each EIT simulation. The boundaries of the skin
and lung tissue, as well as the position of the chestplaced electrodes and bones (ribs and vertebra) are
assumed to synchronously and gradually change between two initially defined constant states, due to the
breathing process. The first one indicates the deflated (minimum air in lungs) condition while the second
one denotes the fully inflated case (maximum air). The boundary deviation of the lungs is set larger than in
the case of the ribs and electrodes’ positions, while the number of discrete steps (total positions) between
inhalation and exhalation is expressed by:

P =
N · tbr · fr

2
(7.1)

where tbr is the time needed for a single breath cycle.

Each model which describes tissue (except the heart), skin or electrode boundary consists of a time
variant npolygon, represented by a point sequence Bn(t) = [bi(t)], where i = {1, 2, ..., n} corresponds
to the ith point. We consider thatBinh

n = [binhi ] andBexh
n = [bexhi ] are the initially defined boundary point

positions at the exact times of inhalation and exhalation respectively. Each point bi(t) = (xbi(t), ybi(t))

has a total deviation ofDxi =
∥∥binhi − bexhi

∥∥, and the corresponding space step during tstep is calculated
by:

dxi =
Dxi
P

(7.2)

which for the sake of simplicity is assumed to be timeproportional. Hence, dxi denotes the shift bi(tj+1)−
bi(tj), with tstep = tj+1 − tj of a polygon’s point bi during the time that current is injected from a single
electrode pair.

The heart tissue boundary can be described by a polygon point sequenceHn(t) = [hi(t)], where i =
{1, 2, ..., n} also corresponds to the ith point. At the diastolic and systolicend states the heart boundary
polygon gets the following sequence values:Hd

n = [hdi ] andHs
n = [hsi ]. For each heart boundary polygon

point, the total deviation isDhi =
∥∥hdi − hsi

∥∥ and the space step during tstep is given by:
dhi =

2Dhi
N · tpulse · fr

(7.3)

where tpulse is the duration of a single heart beat. The total positions of the heart boundary points can be
calculated in the following way:

Q =
N · tpulse · fr

2
(7.4)

It is noted that the heart tissues’ deviation should be chosen relatively smaller than the lung tissues’ one.
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Admittance temporal behavior

During the pulmonary and cardiac cycles, apart from the tissues’ shapes and positions, significant
changes are also detected at most of the admittances.

The most intense variations take place in the lungs, where conductivity σ and permittivity ϵ depend
on their volume and their air content. A less important change in both σ and ϵ is caused by blood flow
in lungs. Thus, their admittance can be expressed as a function of the pulmonary and circulation cycle
states each time.

To set the pulmonarycycle related lung’s admittance, we first assumed that each lung’s relative
volume F changes piecewise linearly with timesteps 1 ≤ i ≤ 2P during a single breathing period
(t1 ≤ ti ≤ t2P ):

Fi =

{
3

P+1 i+
3

P−1 + 4, if 1 ≤ i ≤ P

− 3
P+1 i−

6P+3
P+1 + 4, if P ≤ i ≤ 2P

}
This piecewise linear function here has been defined for simplicity, since the true dependence of air vol
umeF from time is obviously more complex andmight depend on each particular breath’s characteristics.
The airrelated conductivity of a lung as a function of its air volume can be approximated by [193]:

σl,air = K1

(
0.85sb
w

+ 0.03si

)
32F + 4.5

(32F + 9)2
+K2 (7.5)

Where sb, w and si are parameters related with morphological lung properties [193] and are selected
as sb = 0.5, w = 1.5 and si = 2 (mean values). K1 and K2 are frequency related parameters and
are properly chosen in order to scale σl,air between the absolute inflated (σl,air(f, Fmax)) and deflated
(σl,air(f, Fmin)) lung conductivity values for the usedmeasuring frequency f , as given from [188], [189].
In case of the airrelated lung permittivity, the following approximation has been performed [193]:

ϵl,air = L1

(
0.85erb
w

+ 780F 1/3erm

)
32F + 4.5

(32F + 9)2
+ L2 (7.6)

Where erb and erm are also morphological lung parameters, selected as 10000 and 10, respectively [193].
L1, L2 scale the permittivity between the corresponding inflated and deflated values at the chosen fre
quency, defined in [188], [189]. The airrelated lung admittance value is:

γl,air = σl,air(f, F ) + j2πfϵl,air(f, F ) (7.7)

The lungs admittance variation due to blood circulation is assumed to be a piecewise linear function
for t1 ≤ tj ≤ tpulse:

δσjl,blood =


∆σbo
Q j, if 1 ≤ j ≤ Q

−∆σbo
Q j +∆σbo, if Q ≤ j ≤ 2Q


Where∆σbo refers to the initially defined total lung conductivity variation due to blood circulation (10 
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20 times lower than airrelated changes, 0.005  0.01 S/m [293]). The corresponding relative permittivity
change is defined as:

δϵjl,blood =


∆ϵbo
Q j, if 1 ≤ j ≤ Q

−∆ϵbo
Q j + 2∆ϵbo, if Q ≤ j ≤ 2Q


∆ϵbo refers to the initially defined total lung permittivity variation due to blood circulation (200  500
F/m [293]).

While pulmonary cycle is at state i, 1 ≤ i ≤ 2P and cardiac cycle at state j, 1 ≤ j ≤ 2Q, we write
the total admittance of each lung:

γi,jl = γil,air + δγjl,blood = σi
l,air + δσj

l,blood + j2πf(ϵil,air + δϵjl,blood) (7.8)

The heart admittance is assumed to change periodically and piecewise linearly. Thus:

σjheart =


σho − ∆σho

Q j +∆σho, if 1 ≤ j ≤ Q

σho +
∆σho
Q j −∆σho, if Q ≤ j ≤ 2Q


and

ϵjheart =


ϵho − ∆ϵho

Q j +∆ϵho, if 1 ≤ j ≤ Q

ϵho +
∆ϵho
Q j −∆ϵho, if Q ≤ j ≤ 2Q


where σho and ϵho are the base inner heart conductivity and permittivity (approximately 0.40.5 S/m and
5 · 104 F/m respectively [188], [189]), while ∆σho and ∆ϵho refer to the conductivity and permittivity
changes of the heart due to blood presence (fixed to 0.025 S/m and 2000 F/m respectively).

Near the heart boundary, the myocardium muscle is defined, which consists of a frequency depended
conductivity [304]:

σmc(f) = 9 · 10−8 · f + 0.168 (7.9)

and a permittivity of [304]:
ϵmc(f) = 2.29 · 105 · (10−3f)−0.95 (7.10)

It is noted that due to blood circulation, when |δγl,blood| is maximized, |δγheart| is minimized. Further
more, piecewise constant functions were selected instead of harmonic ones, because the actual admittivity
spectrums exhibit more complex behavior than a single harmonic. The model’s accuracy can be further
improved using proper regression models, which is not a part of this work.

The muscle tissue, which exists between bones and lungs has a permittivity set in a similar way
to γheart above. Nonetheless, 180o phase shift has been added, due to the circulation cycle behavior.
Moreover, we defined δσm = 0.01, σmo = 0.28 (S/m), δϵm = 900 (F/m) and ϵmo = 13 · 103 (F/m)
[188].

The skinfat (a thin inner layer near the boundary) admittance is assumed to be constant at very small
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Figure 7.1: Simplified sketch of the dynamic thoracic model. The inhalation and exhalation end, as well
as the heart’s systolic and diastolic end are noted. The shape boundaries are indicative, since they can be
properly tuned. No collapsed areas and skin/fat are included for clarity.

values (i.e. less than 0.03 S/m) [188], [189].

Silent spaces and collapsed areas

At the end of each breath, after the exhalationend, a small silent timespace usually follows, where
no breath activity is recorded. This space is included in the dynamic model’s behavior and can be defined
between 0.3 and 1.5 seconds. When each silent space ends, a new breath cycle begins with the inhalation
process.

Chronic clinical conditions of lungs, such as acute respiratory distress syndrome (ARDS) may cause
inflammatory edema that induces regional collapses [168]. This practically means that lungs do not ho
mogeneously function, with some areas not inducing sufficient air volume. This is modeled by inducing
4 possible collapse cases (proportional to the area of collapse) at the left lung and 3 possible cases for the
right lung. The selected collapsed area’s admittance is not affected by the ventilation cycle state, contrary
to the rest of the corresponding lung.

Electrode modeling

The electrodes are modeled as rectangular 2D shapes, with an adjustable width delec. Their contact
impedance relative to area, is approximated by the following formula:

ρelec = Zelec
S

delec
(7.11)

where Zelec is the electrode’s contact impedance and S the corresponding surface area.
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Table 7.1: 2D Thoracic Model Parameters

Parameter Description
∂Ωinh domain’s boundary at inhalation
∂Ωexh domain’s boundary at exhalation
Binh

n , B ̸= heart tissue/electrode polygons at inhalationend
Bexh

n , B ̸= heart tissue/electrode polygons at exhalationend
Hd

n heart shape at enddiastolic phase
Hs

n heart shape at endsystolic phase
tpulse pulse duration (secs)
tbr breath duration (secs)
zelec electrode contact impedances (Ω)
delec electrode width (cm)
γl standard lung admittance (σl, ϵl)
∆γl,air total lung admittance variation due to the breath

(δσl,air, δϵl,air)
∆γl,blood total lung admittance variation due to the HR

(δσl,blood, δϵl,blood)
γho standard heart admittance (σho, ϵho)
∆γho total heart admittance variation due to the HR

(∆σho,∆ϵho)

0 -20 -10 0 10 20 30

set initial parameters
(Q, P, timesteps, 

discrete  states and positions)

measurement_params

model_params

electrode_impedances

fopen lua script

      set FEMM 
constant materials

set/update  

set FEMM geometry 

set current source/ 
 reference  in .lua
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     in FEMM
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Figure 7.2: Explanatory diagram of the process performed for the temporal thoracic model execution in
FEMM and the measurement collection from MATLAB.
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7.2.1 Execution Process

The process begins with the initialization of the total tissue and electrode positions, as well as their
admittance properties in the time domain, according to the model and measurement input parameters. A
.lua script is opened and processed via MATLAB and timeconstant properties (bone conductivity and
permittivity, collapsed areas, e.t.c.) are set. It is also noted, that the input domain’s boundary (∂Ωinh

and ∂Ωexh), as well as the tissues’ respiratory end boundaries (Binh
n and Bexh

n ) are derived from a CT
scan [305], considering a lung volume change of 15% and chest movement of 1 cm (5% vertical change)
[151]. The user can also choose to randomize all boundaries, with a standard deviation of 5%. Both initial
ventilation and circulation states can also be randomly selected.

For each discrete time step (i.e. current injection, see section II), the tissue current positions and
admittances are updated according to the predefined sequence (see 1st step). FEMM is instructed to
construct the corresponding structure and perform voltage measurements on the electrodes. Furthermore,
both ventilation and circulation states are checked. When a breathing cycle ends, a silent space begins
that lasts up to 1 second. If a silent space has ended, a new breath cycle begins, with a duration that differs
from the previous one at a maximum of 20%. Then, P is recomputed and the tissues’ discrete positions
and temporal admittances are redefined according to equations (7.1), (7.2) and (7.7). In addition, every
3 circulation cycles, HR changes randomly at a maximum of 2% (assuming calm patient state). In this
case, Q, heart tissue discrete positions and each tissue’s bloodcycle related admittance variation in time
are redefined according to (7.3), (7.4) and the piecewise linear functions defined in section II. The updates
and checks described are repeated until the final time step simulation tend is reached.

When the loop is exited, a .lua script is created and MATLAB pauses in order to execute the script
using the FEMM software. The latter automatically follows the steps written in the .lua file, efficiently
recreating and remeshing the structure at each time step. Electrode potential measurements are written
in text files, which are then parsed and assembled by MATLAB according to the selected measuring
pattern. Finally, measurements are utilized as inputs to an inverse reconstruction algorithm, where proper
hyperparameters are selected.

The process flow is demonstrated in Fig. 7.2 and the previously selected measurement parameters are
presented in Table II. The code written for this development is available under an opensource license at
https://github.com/chdim100/Dynamic-Thoracic-Model-for-EIT .

7.2.2 Simulations and Results

To evaluate the proposed simulation model, a number of simulation cases were derived. In particular,
N = 16 and N = 32 electrodes are selected for simulation test cases of 6 second duration. Imaging
is performed at 5, 10 and 30 fps for a current frequency of 200kHz. During each frame, the shape and
admittance properties of each tissue are dynamically changing, as described in previous sections. The
current skip − 2 measuring protocol is used in the 16electrode simulations, while for the 32electrode
cases we selected the current skip−4 pattern. In both electrode cases, differential voltages are measured
from adjacent electrode pairs (voltage skip− 0).

The model parameters are initialized as follows: the inspiration and expiration end positions are de

https://github.com/chdim100/Dynamic-Thoracic-Model-for-EIT
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Table 7.2: Measurement Parameters

Parameter Description
N Number of electrodes
f Current signal frequency (Hz)
I Current signal amplitude (mA)
m Current skippattern
n Voltage skippattern
n Voltage skippattern
n Voltage skippattern
tfr Time needed for each frame (fps−1)
tend Total simulation time (secs)

fined according to a specific CT scan (where boundaries are used as midpoints) [305]. The shapes are not
further processed via randomization. In order to get clear comparisons, initial breath time is set to 3 sec
onds, while silent space is set to 0.3 seconds (nonrandom). Within the 4th second of the simulation, a 2nd
breath cycle begins, which has a duration of 3.6 seconds (increased by 20%) and is not completed until
the simulation ends. TheHR is 75 bpm for the first 3 beats, and then increases to 77.25 bpm (+3% incre
ment). The right lung is assumed to be healthy, while a lung collapse that corresponds to the 20% of the
total left lung’s modeled area is inserted. The whole timeevolution of each dynamic tissue’s impedance
is demonstrated in Fig. 7.3.

The electrodes are assumed to have a width of d = 0.5 cm and relative conductivities with a mean
value of 0.02 (S/m) and 15% standard deviation, since in real EIT cases, contact impedances always have
a variation [306]. The values above are computed using (7.11), assuming E[zelec] = 1kΩ (dry electrode
at 200 kHz for longterm monitoring [307]).

The FEMM timevariant F.E. model includes∼ 7000− 7500 nodes and∼ 12000− 14500 elements,
dependent on the number of the electrodes and the boundaries state. Remeshing is performed at each
discrete time step (which as referred corresponds to a bipolar current source position).

For the timedifferential image reconstructions, the GaussNewton iterative algorithm has been eval
uated. The relative conductivity (or admittance) estimation problem can be described as minimization of
the following expression [174]:

argmin
δσ

{∥Jδσ − δV ∥2W + λ2 ∥δσ∥2Q} (7.12)

Where δσ is the conductivity change under estimation, δV the electrodemeasured differential poten
tials, J the Jacobian matrix around a linearization point σ = σo, which actually indicates the potential
field’s sensitivity to conductivity changes. W is a weight matrix, used for calibrating the imbalanced
electrode contacts, λ a regularization hyperparameter and Q a prior filter matrix [174]. The function un
der minimization includes a leastsquare term and a penalizing regularization term (∥δσ∥2Q), in order to
encounter the problem’s illposedness and illconditioning [174].

The imaging process is performed in MATLAB using the EIDORS library tool [72]. Reconstructions
take place on a default EIDORS static thoraxshape F.E. model, which contains 1024 elements. The
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Figure 7.3: Temporal tissues admittances defined for the simulation (200 kHz). Heart and muscle tissue
permittivities are almost equal.

hyperparameter is heuristically selected λ = 0.25 for the 16electrode cases and λ = 0.03 for the 32
electrode cases. In addition, Gaussian noise has been added so that the simulated measurements for all
cases have a 50 dB SNR which is a moderate noise level for ventilation EIT measurements [127]. It is
noted that for high frame rate levels, averaging which increases the signal’s SNR is not possible, hence
reducing the frame rate level is often preferred for SNR optimization [171]. However, lower fps levels
obscure significant temporal information about both ventilation and cardiacrelated functions. In order to
examine the way lower noise reduces spatial imaging artifacts, a 65 dB SNR signal case has been added
for the lower frame rate test cases (5 and 10 fps).

The time evolution of the reconstructed images for 16 and 32 electrodes and each frame rate and
noise testcase is shown if Fig. 7.4. Furthermore, to get quantitative information and a clearer comparison
of the images’ temporal behaviors, we have segmented 3 constant Regions of Interest (ROIs) in the
inverse reconstruction model (Fig. 7.5 VI). The first two regions correspond to the areas considered as
lungs while the third demonstrates the heart tissue’s area. For each ROI, the mean estimated conductivity
values over its elements are computed and displayed in the time domain in Fig. 7.5 (IV).

In all cases, the breathing activity is successfully detected, since two large conductivity curve ”val
leys” appear in ROIs I and II (Fig. 7.5). Their behavior follows the lung admittance evolution shown in
Fig. 7.3. In both the 16 and 32 electrodes configurations, when imaging at low fps (5  10) the contri
bution of the SNR’s increase from 50 to 65 dB is observable, since the images’ artifacts are descreased,
and the curves in Fig. 7.5(IIV) are smoother, appearing less intense random variations. Increasing the
fps rate, leads to aqcuiring more information about some details that can be utilized for further functional
analysis [6], [308]. In addition, higher frame sampling gives a more reliable data for each breath’s exact
depth (i.e. in this example the two breaths are equal, however this is detectable only for ffr > 10 fps,
as observed in Fig. 7.5). At 30 fps, the imaging quality difference between 16 and 32 electrodes is clear,
where in the latter, the left lung’s collapsed area is detected without any post image processing (the left
lung’s impedance change area size is significantly lower that the right ones). The lung, muscle and heart’s
temporal behaviors due to the blood cycle are still not noticeable without further time and frequency do
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Figure 7.4: EIT image reconstruction of 2 breath cycles of the simulated dynamic model. The first column
shows the 16electrode configuration images, while the second column depicts the 32electrode case.
Each subcase is displayed in a particular gray frame. When the lungs are in deflated state, the impedance
changes are very low, since at all the performed simulations, the reference frame corresponds to full
exhalation end. While the exhalation process takes place, the lung area’s impedance gradually decreases
(darker blue colors), until it reaches the fullinflated state. From this point the lung impedance begins
to increase again and the exhalation part takes place. In order to distinguish the differences between the
cases temporal resolution, all the frames are figured.
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Figure 7.5: Mean estimated (arbitrary) values of each ROI over the time. Case I: 16 electrodes, 5fps. Case
II: 32 electrodes, 5fps. Case III: 16 electrodes, 10 fps. Case IV: 32 electrodes, 10 fps. Case V: 16 and 32
electrodes while imaging at 30fps. VI: the 3 ROI areas, related to the inverse reconstruction model.

main analysis, however, for 30 fps some higher frequency periodicity in ROI III can be slightly observed
in Fig. 7.5 V.
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7.3 Analogue Realization of FractionalOrder SkinElectrode Model for
Tetrapolar Bioimpedance Measurements

This work compares two design methodologies, emulating both AgCl electrode and skin tissue Cole
models for testing and verification of electrical bioimpedance circuits and systems. Themodels are based
on fractionalorder elements, implemented with active components, and capture bioimpedance behav
iors up to 10kHz. Contrary to passiveelements realizations, both architectures using analog filters cou
pled with adjustable transconductors offer tunability of the fractional capacitors’ parameters. The main
objective is to build a tunable active integrated circuitry block that is able to approximate the models’
behavior and can be utilized as a Subject Under Test (SUT) and electrode equivalent in bioimpedance
measurement applications. A tetrapolar impedance setup, typical in bioimpedancemeasurements, is used
to demonstrate the performance and accuracy of the presented architectures via SpectreMonteCarlo sim
ulation. Circuit and postlayout simulations are carried out in 90nm CMOS process, using the Cadence
IC suite.

7.3.1 Introduction

The electrical properties of tissues are strongly related to their structural characteristics and their
functional properties [187], [188], [189]. Bioimpedance measurements for example provide valuable
information about the structural characteristics of a tissue, such as its hardness, as well as about many bi
ological parameters including Blood Pressure (BP), Pulse Transit Time (PPT), Heart Rate (HR) and blood
glucose levels [309], [310]. In addition, bioimpedance measurements make use of complex, noninvasive,
radiationfree diagnostic tools like Electrical Impedance Tomography (EIT) and Electrical Impedance
Spectroscopy (EIS), in applications such as ventilation monitoring, brain ischemic hemorrhage detec
tion, neuroimaging and tumor detection [171], [174].

The most common way to perform bioimpedance measurements is by applying a small amplitude
alternating current through a pair of conductive electrodes, attached on the patient’s skin and then mea
suring the generated potential. The frequency of the injected current can reach up to several hundreds of
kHz, while its amplitude is selected to meet safety standards [309]. The hardwareelectrode setup for a
single impedance measurement can be bipolar (2 electrodes for both current injection and voltage mea
surement) or tetrapolar (2 separate electrode pairs for current injection and voltage measurementalso
called fourterminal) as depicted in Fig. 7.6 [228], [302], [311], [312]. Measuring bioimpedance is a
challenging process requiring properly designed instrumentation electronics and measurement method
ology. The main design challenges are the sensitivity to strong polarization effects caused by the common
injection and measuring path (as is the case in the Bipolar measurement setup) [299] as well as the highly
unstable contact impedance of the electrodes which varies with electrode size [313], pressure, humidity
and skin surface condition [276], [314], [315]. To address these issues, most bioimpedance measurement
systems use the more robust tetrapolar measurement setup (Fig. 7.6 right) [302], [316], [317].

However, the tetrapolar bioimpedance measurement setup also faces some challenges. The most
important is the unpredictable sensitivity distribution near themeasuring area [316], [318]. The sensitivity
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za

zb

Figure 7.6: Brief schematic of a Bipolar measurement setup (left) and a Tetrapolar measurement setup
(right). Green rectangles indicate the electrodes placed. Z refers to the impedance under measure, while
za and zb refer to the bioimpedances between injection and measurement electrodes. The schematics are
based on the description in [228], assuming infinite current source output impedance, infinite instrumen
tation amplifier input impedance and negligible electrode impedances.

values can get locally negative [319], while the phase can be erroneously measured positive on capacitive
and resistive domains [316]. Furthermore, common signals in differential measurements usually cause
problems, especially if stray capacitances are present and the voltage recording circuitry instrumentation
has low Common Mode Rejection Ratio (CMRR). [227], [316].

Proper modeling of the tissues’ under test electrical characteristics is a crucial step during the design
process of bioimpedance measurement systems. To this end, designers simulate and employ equivalent
circuits of the SUT [21],[227], [264], [265], usually implemented using lumped passive elements (capac
itors and resistors). By utilizing different values of resistors and capacitors, they can simulate different
measurement scenarios and setups in order to both determine the measurement system’s specifications
and simulate its performance. However, the actual impedance behavior of most tissues is described by
Cole or Debye models [320], [321], [322] that present large variations at their parameters [315], [321].

Hence, a major limitation of tissue models implemented using passive elements is that they cannot
be used for evaluation and calibration of realworld systems as they offer no tunability. Bioimpedance
measurement systems often require several months or even years of testing and calibration to provide
accurate measurements. To this end human or animal test subjects are typically employed significantly
increasing the complexity and cost of the development procedure.

In this work we propose an active, easily tunable circuit implementation of the Cole’s skin and elec
trode models. The design is based on applications from fractionalcalculus, since fractionalorder models
offer more degrees of freedom in comparison with integerorder realizations [323], [324], [325]. To this
end, based on the noninteger exponent parameter of the Cole’s equation [320], we propose two tunable
fractionalorder capacitor implementations, implemented as analog filters (voltage output) with a trans
fer function H(s). The filters can be transferred to impedances (current output) if a VoltagetoCurrent
Converter (V/I) is connected at the output stage. By utilizing the actively implemented fractionalorder
capacitors along with an operational transconductance amplifier (OTA) based tunable resistor, we im
plement the Cole’s model in transistor level. The proposed circuit architecture is intended to be used
as an analog frontend and along with the required digital circuits to shape an applicationspecific inte
grated circuit (ASIC) for evaluation and calibration of bioimpedance measurement systems. The circuit
is designed, laid out and simulated in Cadence using TSMC 90nm CMOS process.
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Both electrode and skin Cole ICdesign models are validated and compared to the RC  approxima
tions (magnitude and phase) for the models’ mean parameter values. Moreover, we examine the proposed
circuits’ adaptability on major variations of the models’ parameters. In addition, some tetrapolar measur
ing setups that include the implemented models are simulated, testing the measured impedance values in
various conditions (target’s impedance order, shunt resistors’ imbalance).

The remainder of this paper is organized as follows. Subsection 7.3.2 describes the electrode and skin
Cole theoretical models adopted for this design and the particular selection reasons. The implementation
and the behavior of the involved models is presented in subsection 7.3.3, in TSMC 90nm CMOS pro
cess. Furthermore, in subsection 7.3.4, validation is performed via simulated tetrapolar measurements on
specific target impedances.

7.3.2 Skin and Electrode Cole models

In this section, the skin and electrode Cole models utilized for the integrated circuit implementation
are briefly presented. The skin cell and electrode material and contact equivalent circuitry models exhibit
major similarities: contact “shunt” impedances in series with an RC parallel impedance. In both cases,
the capacitor acts as a Constant Phase Element (CPE), which introduces strong Cole characteristics to the
equivalent circuit.

Skin Model

For the representation of the skin tissue complex impedance, many models have been proposed
[326],[327], [328]. However, since we focus on bioimpedance measurement for specific tissue function
detection, the distances between the recording electrodes have to be relatively small, usually 24 cen
timeters. Furthermore, we aim at a frequency range that covers a variety of biosignal types; from ECG
to EIT injected signals.

Taking into consideration the above factors, we have selected the simplified Cole model described in
[326]. The Cole equation that expresses the total skin impedance, including contact is:

zskin(ω) = R∞,s +
R0,s −R∞,s

1 + (jω)a1 · (R0,s −R∞,s)Cs
(7.13)

Where R∞,s is the contact (gap) Ohmic impedance, towards which the total impedance converges for
higher frequencies,Ro,s denotes a low frequency resistor, a1 is the fractional CPE order, ω is the signal’s
angular frequency and C the CPE’s (fractional order) capacitance. The relation between the capacitance
and the characteristic time constant τs is shown in the following expression

τs =
a1

√
(R0,s −R∞,s)Cs (7.14)

The CPE’s complex impedance is expressed as in [326], [327], [328]

zCPE =
1

(jω)a1Cs
(7.15)
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For a frequency range of 1Hz to 10kHz, the corresponding parameters (mean values), as estimated in
[326] are shown in Table 7.15. In Table 7.4, the indicated variations of Ro, a and C are summarized,
according to [326], [327], [328]. The corresponding equivalent RCnetwork model is shown in Fig. 7.7
(left subfigure).

Table 7.3: Skin and Electrode Cole parameter mean values [315], [326]

Parameter R∞ (kΩ) Ro (MΩ) τ (s) a C
(nF/sec1−a)

Skin 1.86 1.39 0.53 0.749 447
Electrode 0.21 1.08 1.41 0.942 1.92

Table 7.4: Skin and Electrode Cole parameter indicated variations [315], [326], [327], [328], [329]

Parameter Ro (MΩ) a C
(nF/sec1−a)

Skin 0.641.46 0.630.86 61.21042.1
Electrode 0.652.09 0.80.99 1.392.09

It is noted that in terms of this paper, we are limited in frequencies between 1Hz and 10kHz, which
are within the range of HR, PPT, BR, neuroimaging and skin impedance measurement applications
[11],[309]. However this range does not cover all the bioimpedance measurement applications (e.g. lung
EIT monitoring is acted at more than 100kHz, while cancer tissue detection with EIS is performed at the
region around 1MHz [21], [158]). The extension of the frequency span can be studied as a future work.

Electrode Model

The electrodemodel is demonstrated inmany previous studies, focusing on various sizes and electrode
materials [276],[314], [329]. However, in bioimpedance and ECG measurements AgCltype electrodes
are mostly utilized, since they offer smaller material and contact impedance [276]. Although conductive
gel electrodes are more efficient for low contact impedance biosignal measuring, they are not effective
for longterm monitoring which is essential for recording the evolution of any biosignal’s state [314].
Therefore, the electrodes are assumed as dry, circular with a diameter of 25mm. The electrode Cole model

zCPE,s

R ,s

Ro,s

zCPE,e

R ,e

Ro,e

Vh

-R ,s -R ,e{zskin

{zelec

Figure 7.7: Cole models of the skin (left) and electrode (right).
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implemented in this paper, is described in [315]. The total impedance is expressed by:

zel(ω) = R∞,e +
R0,e −R∞,e

1 + (jω)a2 · (R0,e −R∞,e)Ce
(7.16)

WhereR∞,e is the gap high frequency impedance,Ro,e the low frequency resistor, a2 the fractional CPE
order, ω the signal’s angular frequency and C the fractional capacitance. The time constant τe and the
complex impedance of the CPE zCPE are computed similarly to the skin’s Cole model from (7.14) and
(7.41).

The circuit equivalent is schematically identical to the skin’s one, however a dc halfcell potential
is added here, in series with the RC parallel fractional impedance. This potential value is approximately
230 − 250mV [329]. The model’s parameter mean values (range 1Hz − 10kHz) are shown in Table
7.15, the Ro, a and C ranges in Table 7.4 [315], [329] and a simplified RC schematic in Fig. 7.7 (right
subfigure).

7.3.3 Circuit Realization of the Cole Electrode and Skin models

There are many different designs and methods for the implementation of fractionalorder elements’s
behavior [330, 331, 332, 333, 334, 335, 336, 337, 338, 339] In this section, we present, evaluate and
compare two methods for active implementation of the fractionalorder capacitors. The first one is called
”Versatile” design methodology [330], while the second one adopts the ”Inverse Follow the Leader Feed
back (IFLF)” methodology [331, 332, 333, 334, 335]. The lowfrequency resistor (Ro − R∞ ≃ Ro, ap
propriate values in Table 7.15) is achieved also actively with an operational transconductance amplifier
(OTA). Hence, in Fig. 7.7 the zCPE and Ro parallel combination is fully active and tunable. The shunt
(high frequency) resistor R∞, is demonstrated with passive potentiometers, since their values are much
smaller and sensitive to the contact’s characteristics. All approaches are compared with the corresponding
theoretical predicted models and the RCnetwork equivalents.

Fractional Order Capacitor RCnetwork approximation

Due to the fact that fractionalorder elements are not yet commercially available, their behavior is
approximated by means of the continue fraction expansion (CPE) method [331, 332, 333, 334, 335, 336],
or by modeling them using an RCnetwork [338],[339], which is depicted in Fig. 7.43. The RC simulation
is carried out considering the mean Cole parameter values (Table 7.15) and zerotolerance for all passive
elements and is utilized as a reference point along with the theoretical results. However, in practice, as
mentioned in the introduction, a single RCnetwork lacks tunability, hence it cannot be possibly utilized
when the model’s parameters need to be changed.

The generalized expression of the RCnetwork impedance is given by:

Ytot(s) = sCp +
1

Rp
+

m∑
κ=1

sCκ

sRκCκ + 1
(7.17)

In order to calculate the order m and the values of the RC network, we use the appropriate values of
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pseudocapacitance Cpseudo and order λ of the element, the phase error ∆ϕ and the frequency range
[flow, fhigh] [338],[339]. The first branch has two elements R1 and C1 which can be expressed by:

flow =
1

2πR1C1
, fhigh =

flow

(ab)m−1 (7.18)

The number of the necessary sections m can be calculated by the expression:

m = 1−
log(fhighflow

)

log ab
(7.19)

The values of passive elements are derived through the formula:

Rκ = R1a
κ−1, Cκ = C1b

κ−1 (7.20)

Cp = C1
bm

1− b
, Rp = R1

1− a

a
(7.21)

The factors 0 < α, b < 1 are calculated through the expressions:

phase = 90o · λ = 90o · log(α)

log(αb)
(7.22)

αb =
0.24

1 + ∆ϕ
(7.23)

where λ is the order of the fractionalorder capacitor. Since the practical frequency of interest is between
1Hz and 10kHz, the center frequency is fo = 100Hz and the appropriate order of the RCnetwork is
m = 5 (in order to achieve at least 1.5o accuracy). The values of the elements are summarized in Table
7.5 for both models. The center frequency, the order m of the RCnetwork and the values of passive
elements are derived using MATLAB code [338],[339].

Versatile Active Fractional Capacitor Emulator

In our case, the desired RCnetwork’s behavior is described by active elements instead of passive
ones, in order to achieve electronic tuning of the characteristics [330]. For this purpose (tunability of
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Figure 7.8: RCnetwork for approximating the behavior of fractionalorder capacitors [338].
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Table 7.5: Passive element values for approximating the fractionalorder capacitors.

Electrode Value Skin Value
Element Element
C1 232.78pF C1 146.63nF

C2 203.19pF C2 81.24nF

C3 177.37pF C3 45.01nF

C4 154.83pF C4 29.94nF

C5 135.15pF C5 13.82nF

Cp 928.34pF Cp 17.16nF

R1 683.7MΩ R1 1.1MΩ

R2 75.2MΩ R2 188.1kΩ

R3 8.3MΩ R3 32.6Ω

R4 909.4kΩ R4 5.6kΩ

R5 100kΩ R5 978.5Ω

Rp 5.53GΩ Rp 5.2MΩ

both element’s impedance and order), OTAs and current conveyors (CCIIs) are utilized to describe the
behavior of fractionalorder elements. Both fractionalorder capacitors for skin and electrode models
are designed using cascading filters, connected with a multipleoutput OTA, which acts as a Voltage
toCurrent (V/I) converter [330, 331, 332, 333, 334, 335]. The cascading filters have transfer functions
H1(s) and H2(s) respectively. The complete architecture is shown in Fig. 7.44, and the total transfer
function, H(s), is given by H(s) = H1(s)H2(s). The impedance of both fractionalorder capacitors is:

Ycap(s) =
1

gmviH(s)
(7.24)

where gmvi is the transconductance of the V/I converter.

V/I

Figure 7.9: Realization of fractionalorder capacitor emulator (Versatile Methodology) [330].
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The transfer functionH1(s) is that of a 5th order allpass filter, given by:

H1(s) =
A(s)

B(s)
, (7.25)

where A(s) is expressed by:

A(s) = G5s
5+

G4s
4

τ1
+
G3s

3

τ1τ2
+
G2s

2

τ1τ2τ3
+

G1s

τ1τ2τ3τ4
+

Go

τ1τ2τ3τ4τ5
(7.26)

and B(s) is described by:

B(s) = s5+
s4

τ1
+

s3

τ1τ2
+

s2

τ1τ2τ3
+

s

τ1τ2τ3τ4
+

1

τ1τ2τ3τ4τ5
(7.27)

while the transfer functionH2(s) is that of a lossy differentiator:

H2(s) = Rr2Crs+
Rr2

Rr1
. (7.28)

The corresponding CCII schematic which is used for the implementation ofH2(s) is depicted in Fig.
7.46 and the employed OTA schematic is demonstrated in Fig. 7.11 [330], [336].

The impedance of the equivalent RCnetwork (derived using the MATLAB code) [338],[339], which
approximates the fractionalorder capacitor Yα = 1/(Cαs

α) is described by:

Yα(s) =
a5s

5+a4s
4+a3s

3+a2s
2+a1s+ao

b6s6+b5s5+b4s4+b3s3+b2s2+b1s+bo
(7.29)
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Figure 7.10: Employed CCII [330].
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Figure 7.11: Employed OTA [330], [336].

In order to implement the fractionalorder models, we compare (7.29) with (7.24) and choose the value
of the transcoductance gm,vi to be 100nS for both models (electrode and skin). All the parameters are
summarized in Table 7.6 (derived according to the C and a values in Table 7.15). The resulting H(s) is
expressed by:

H(s) =
c6s

6+c5s
5+c4s

4+c3s
3+c2s

2+c1s+co
d5s5+d4s4+d3s3+d2s2+d1s+do

. (7.30)

Table 7.6: Parameters for the implementation of expression H(s) (7.30).

Electrode Value Skin Value
Parameter Parameter
c6 1.0 c6 6.1

c5 9.393·104 c5 9.388·105
c4 7.715·108 c4 1.221·1010
c3 6.024·1011 c3 1.504·1013
c2 4.464·1013 c2 1.762·1015
c1 2.824·1014 c1 1.836·1016
co 1.76·1014 co 1.102·1016
d5 100.0 d5 33.33

d4 8.184·106 d4 2.728·106
d3 5.866·1010 d3 1.955·1010
d2 3.999·1013 d2 1.333·1013
d1 2.593·1015 d1 8.645·1014
do 1.473·1016 do 4.910·1015

The presented architecture has been designed in TSMC 90nm CMOS process, using the Cadence IC
design suite. The power supply rails are set to VDD = −VSS = 0.75V , and all transistors operate in the
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subthreshold region. The transconductance of the corresponding OTA is given by:

gm =
5Ibias
9nVT

(7.31)

where 1 < n < 2, andVT = 26mV . Also, the dimensions of theMOS transistors of the OTA andCCII are
summarized in Table 7.7. The missing dimensions for the OTA transistors can be easily calculated using
current mirrors’ properties. In addition, the aspect ratio between transistorsMn1−Mn2 andMn3−Mn4

is equal to 5. We use this multiplicity in order to increase the linearity of the differential amplifiers’ pairs
and decrease the transconductance value for the same bias current, compared to an OTA with the same
dimensions for the corresponding transistors [340].

Table 7.7: MOS Transistors Dimensions – OTA & CCII.

OTA W/L
(µm/µm)

CCII W/L
(µm/µm)

Mn2,Mn3 2/1 Mp1,Mp2,Mp4 1.6/0.4

Mn8 1/2 Mp5,Mp6 3.2/0.4

Mn5 0.5/4 Mp3 6.4/0.4

Mn11 1/2 Mn1Mn6 0.8/0.4

Mp3,Mp4 10/5 Mp7 1.6/0.4

In order to calculate the values of scaling factors Gj = gmj/gm, where j = {0, 1, 2, 3, 4, 5} and
timeconstants τi, where i = {1, 2, 3, 4, 5}, we compare (7.30) with (7.25) and (7.28). The value of the
transconductance is gm = 100nS; as a result, the values of capacitors are calculated by Ci = τigm and
are summarized in Table 7.8 for both models. The values of resistors areRr1 = 142.8MΩ (Ir1 = 61pA)
and Rr2 = 1.0MΩ (Ir2 = 52.1nA) for electrode model and Rr1 = 156.4MΩ (Ir1 = 53pA) and
Rr2 = 18.3MΩ (Ir2 = 2.8nA) for skin model.

Bias current for the implementation of the corresponding transconductance gm,vi = gm is Ibias,
which is calculated by using the expression Ibias = 9

5nVT gm. The current value for a transconductance
of gmj = Gjgm can be calculated by Ibias,j = GjIbias, where j = {0, 1, 2, 3, 4, 5} and Ibias = 404pA.
The electronic capability of the bias current provides us with the opportunity to achieve different values
for both impedance and order of the element. The bias current of CCII is Ib = 20nA. The values of the
resulting scaling factors are summarized in Table 7.9 for both models.

Table 7.8: Values of Capacitors of Figure 7.44.

Element Value Element Value
C1 1.22pF C2 13.95pF

C3 146.67pF C4 1.54nF

C5 17.60nF Cr 10.0nF
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Table 7.9: Values of Scaling Factors Gj .

Electrode
Model

Value Skin Model Value

Scaling Factor Scaling Factor
Go 1.707 Go 19.188

G1 1.705 G1 11.080

G2 1.505 G2 6.167

G3 1.315 G3 3.418

G4 1.148 G4 1.881

G5 1.000 G5 1.000

Inverse Follow The Leader Feedback Fractional Capacitor Emulator

In this subsection, we present a typical IFLF architecture for the implementation of fractionalorder
capacitor. Owing to the fact that the frequency span is from 1Hz to 10kHz the employment of the 5th
order Continued Fraction Expansion (CFE) approximation is a satisfactory solution in order to achieve
the appropriate results [331, 332, 333, 334, 335, 336, 337, 338, 339, 336]. The expression of the 5thorder
CFE approximation is described by

(τs)α ≈ a5s
5+a4s

4+a3s
3+a2s

2+a1s+ao
b5s5+b4s4+b3s3+b2s2+b1s+bo

(7.32)

where: α5 = bo = −α5 − 15α4 − 85α3 − 225α2 − 274α− 120,
α4 = b1 = 5α5 + 45α4 + 5α3 − 1005α2 − 3250α− 3000,
α3 = b2 = −10α5 − 30α4 + 410α3 + 1230α2 − 4000α− 12000,
α2 = b3 = 10α5 − 30α4 − 410α3 + 1230α2 + 4000α− 12000,
α1 = b4 = −5α5 + 45α4 + 5α3 − 1005α2 + 3250α− 3000,
αo = b5 = α5 − 15α4 + 85α3 − 225α2 + 274α− 120,
and α is the order of fractionalorder differentiator (allpass filter) [331, 332, 333, 334, 335, 336, 337,
338, 339, 336].

In order to obtain the tunability of both impedance and order of the element, operational transcon
ductance amplifiers (OTAs) are utilized to describe fractionalorder capacitors. Fractionalorder capacitor
is designed using an allpass filter, connected with a multipleoutput OTA, which acts as a Voltageto
Current (V/I) converter [330, 331, 332, 333, 334, 335]. The allpass filter has a transfer function H(s).
The complete architecture is shown in Fig. 7.12. The impedance of fractionalorder capacitor is given by:

Ycap(s) =
1

gmviH(s)
(7.33)

where gmvi is the transconductance of the V/I converter.
The transfer functionH(s) is that of a 5th order allpass filter, given by:

H(s) =
A(s)

B(s)
(7.34)
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Figure 7.12: Realization of fractionalorder capacitor emulator (IFLF Methodology).

where A(s) is expressed by:

A(s) = G5s
5+

G4s
4

τ1
+
G3s

3

τ1τ2
+
G2s

2

τ1τ2τ3
+

G1s

τ1τ2τ3τ4
+

Go

τ1τ2τ3τ4τ5
(7.35)

and B(s) is described by:

B(s) = s5+
s4

τ1
+

s3

τ1τ2
+

s2

τ1τ2τ3
+

s

τ1τ2τ3τ4
+

1

τ1τ2τ3τ4τ5
(7.36)

The IFLF architecture has been also designed in TSMC 90nm CMOS process, using the Cadence IC
design suite. The power supply rails are set to VDD = −VSS = 0.75V , and all transistors operate in the
subthreshold region. The dimensions of the OTA’s MOS transistors are summarized in Table 7.7 also
(we use the same OTA as in Versatile design methodology).

In order to calculate the values of scaling factors Gj = gmj/gmx, where j = {0, 1, 2, 3, 4, 5}, x =

{a, b, c, d, e, f} and timeconstants τi, we compare (7.34) with (7.32). The value of the transconductance
of electrode’s fractionalorder capacitor is gmvi = gmx = 830.2nS; for all x. As a result, the values of
capacitors are calculated by Ci = τigm and are summarized in Table 7.10 for both models. The values of
the transconductances for skin’s fractionalorder capacitor are summarized in Table 7.11. The resulting
scaling factors’ values are summarized in Table 7.12 for both models. It is noted that, likewise in the
Versatile implementation, these values are derived according to the mean pseudocapacitor values shown
in Table 7.15.

Cole Model Tunable Resistor Ro Realization

In order to achieve tunability of the resistor Ro demonstrated in Fig. 7.7, we use the same multiple
OTA (with the same dimensions as shown in Table 7.7) utilized in the previously presented CPE’s design
methodologies (Fig. 7.11), since we can achieve the desired transconductance by selecting applicable dc
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Table 7.10: Values of Capacitors of Figure 7.12.

Element Value Element Value
C1 2.58pF C2 141.43pF

C3 689.82pF C4 2.75nF

C5 13.80nF  

Table 7.11: Values of transcoductance for skin model of Figure 7.12.

Parameter Value Parameter Value
gma 184.84nS gmb 674.02nS

gmc 721.35nS gmd 729.19nS

gme 713.18nS gmf 564.15nS

gmvi 55.37µS  

Table 7.12: Values of Scaling Factors Gj .

Electrode
Model

Value Skin Model Value

Scaling Factor Scaling Factor
Go 0.002 Go 0.02

G1 0.12 G1 0.19

G2 0.52 G2 0.600

G3 1.92 G3 1.66

G4 8.61 G4 5.33

G5 422.02 G5 50.01

bias currents’ values. The configuration of the programmable OTA as resistor is depicted in Fig. 7.13
[330], [336].

All transistors are biased in the subthreshold region, and so the impedance of the effective resistance
is given by:

Ro =
1

gmo
(7.37)

where gmo is obtained by (7.31).

gm

-+
+-

υin,p υin,n
iout,piout,n

Figure 7.13: Implementation of tunable resistor emulator [330], [336].
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Due to the relatively small values of R∞ for both skin and electrode models and regarding that the
impedance of the employed OTA cannot practically achieve values less than 400kΩ, we have replaced
the R∞s with passive tunable resistors (potentiometers). However, in the future, research can be done in
order to achieve lower value, tunable, active resistors. We also note that all the remaining resistors (Ro,
Rr1, Rr2) used below, are implemented exclusively by programmable OTAs. Therefore, all the model’s
parameters are implemented actively in IC design except from the resistors R∞.

Cole Model Circuit Realization Simulation Results

The layout design of the fractionalorder skin and electrode models using IFLF design methodology
is demonstrated in Fig. 7.14, where the area is 78X278. The layout design of the fractionalorder skin
and electrode models using Versatile design methodology is demonstrated in Fig. 7.15, where the area
is 78X329. Both layouts include all elements except capacitors Ci, where i = {1, 2, 3, 4, 5} and resistor
R∞ (potentiometer resistor). All the simulations are achieved from the average variance extracted (ave)
circuit (postlayout simulations).

The magnitude and phase response for all design methodologies along with the ideal RC approxima
tion and the theoretically predicted ones, are plotted in Fig. 7.16 for fractionalorder electrode model’s

 

Figure 7.14: Layout design of the implemented fractionalorder skin and electrode models (IFLFMethod
ology).

 

Figure 7.15: Layout design of the implemented fractionalorder skin and electrode models (Versatile
Methodology).
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capacitor. The magnitude values are in fine agreement with the theoretical ones. The phase response,
which is very important for the simulation of the fractionalorder capacitor, is also close to the ideal
value of −84.78o, for a big part of the frequency band. However, the IFLF approach has an error up to
4.5o at the span’s boundaries (1Hz and 10kHz), while the maximum error of the Versatile methodology
is at 1.5o.

The corresponding responses for the fractionalorder skin model’s capacitor are shown in Fig. 7.17.
As in the electrode’s CPE case, the magnitude response shows very low error, especially for the Versa
tile approach (the IFLF values have a maximum error of 25kΩ at 1Hz, however this is minimized at
higher frequencies). The phase response, for the case of skin’s CPE, shows also minimum error in the
middle frequencies (ideal phase is −67.41o), while IFLF methodology shows critical phase errors in the
frequency range’s limits. At the same time, the Versatile methodology provides almost the same results
as the ideal RCnetwork simulation.

The obtained impedance responses for the electrode and skin model along with the theoretically pre
dicted ones and the ideal RCnetwork approximation are provided in Fig. 7.18 and 7.19 respectively. It
is observed that both approaches result to successful approximations with low average errors. In specific,
superior accuracy is obtained in the skin’s and electrode’s impedance magnitude (for both the capacitor
and the whole Cole models), as shown in Figs. 7.16, 7.17, 7.18 and 7.19 (Left subfigures). In addition, the
models realized with the IFLF topology, present almost minimum phase error between 10Hz and 1kHz
but it deviates near the frequency range’s limits. However, the IFLF mean and maximum phase errors are
lower than in the corresponding CPE model. In contrast, the Versatile design methodology implemented
models have better accuracy near the 1Hz − 10Hz and 1kHz − 10kHz, however they present minor
error in the middle frequencies.

As mentioned before, the two design methodologies (Versatile and IFLF) approximate the behavior
of the fractional order elements. The errors between these two techniques and the theoretical values arise
from the approximation’s order (CFE and RC approximation). In order to minimize them, the complexity
(order) of the whole topology needs to be increased. This is not desirable. Nevertheless, both method
ologies are characterized not only by tunability of impedance and order, but also capability to change the
central frequency, which can contribute to minimize the errors at the boundaries, if performed properly
(by tuning bias current).

Cole Models Parameters Variation and Circuit Emulator Trimming

In previous subsection, we presented the simulation results of RC approximation, Versatile and IFLF
design methodologies for both fractionalorder skin and electrode models. The parameter values utilized
for the models refer to the mean values according to [315] and [326]. However, these parameters exhibit
great variations across different human subjects and are affected by situations such as humidity, pressure
and temperature at the skinelectrode’s surface [315], [321], [326]. In order to implement these possible
cases, we have to use a realization methodology which provides tunability and high performance. The
RC network provides high performance for a single case, as shown in previous subsection, but it is not
appropriate for examiningmultiple conditions. Themain reason of this drawback is the absence of passive
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Figure 7.16: Impedance (a) magnitude and (b) phase response of the fractionalorder capacitor for the
case of electrode model.

Figure 7.17: Impedance (a) magnitude and (b) phase response of the fractionalorder capacitor for the
case of skin model.

Figure 7.18: Impedance (a) magnitude and (b) phase response of fractionalorder electrode model.
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Figure 7.19: Impedance (a) magnitude and (b) phase response of fractionalorder skin model.

elements’ tunability (in order to achieve different cases we have to continuously change the RC values
of the network in Fig. 7.43).

On the other hand, the IC design methodologies offer the possibility to achieve different parameter
values. Hence both architectures (Versatile and IFLF) can describe the behavior of both electrode and skin
models, under various situations, by using a single core. In this subsection, we evaluate the performance
and accuracy of the presented design techniques in describing different conditions.

Electrode Model parameter Variation

In this part, we examine the discussed IC methodologies’ accuracy for 8 different model cases. The
C (CPE) and Ro (low frequency resistor) parameter variations were extracted from trials over human
subjects (experimental results) under two conditions (pressure and removing pressure) in [315]. The order
of the CPE is assumed a = 0.942 for all the cases. The selection of the appropriate values was derived
by adjusting the observed variations around the mean values in Table 7.15 and they are summarized
in Table 7.13. The minimum and maximum values for the fractionalorder capacitor were computed at
1.39nF/sec1−a and 2.09nF/sec1−a respectively, while the corresponding values forRo are 650kΩ and
2.09MΩ. The high frequency resistor (R∞) values are kept constant at 210Ω. The cases described are
obtained by controlling the transconductance gmvi of the V/I converter and the gmo of the Ro effective
resistor. According to (7.31), the desired gmvi and gmo can achieved just by tuning dc bias current (Ibias).

The corresponding results for the two IC methodologies are depicted in Figs. 7.207.27. Both archi
tectures provide high accuracy in all the cases, with the exception of the IFLF phase error near 10kHz
(as in the previous section). This performance cannot be possibly achieved by a single RCnetwork, since
it lacks of tunability.

Skin Model parameter Variation

For the fractionalorder skin model, we derived four different cases where C and order a of the CPE
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Table 7.13: Electrode Cole parameters values for different cases, a = 0.942

Case/ Pa
rameter

Ro (MΩ) C
(nF/sec1−a)

Case I 1.08 1.75
Case II 2.09 1.39
Case III 0.65 1.92
Case IV 1.51 1.92
Case V 0.65 1.75
Case VI 1.51 1.75
Case VII 0.65 2.09
Case VIII 1.51 2.09

CASE I 

Figure 7.20: Impedance (a) magnitude and (b) phase response of the CASE I fractionalorder electrode
model.

were tuned, according to the values in [321]. The Ro value was kept constant at 1.39MΩ, and R∞ at
1.86kΩ (Table 7.15). The extracted C and a values are summarized in Table 7.14. All above cases are
achieved and performed just by adjusting the appropriate dc bias currents (electroning tuning capability).
According to (7.31), we can control the transconductances’ values gm, while, the values of the capacitors
in Fig. 7.44 and Fig. 7.12, as in Tables 7.8 and 7.10 are kept constant.

Table 7.14: Skin Cole parameters values for different cases, Ro = 1.39MΩ

Case/ Pa
rameter

a C
(nF/sec1−a)

Case I 0.86 65.2
Case II 0.81 61.2
Case III 0.82 88.9
Case IV 0.78 73.1

The corresponding results are demonstrated in Figs. 7.287.31, where we approve that the presented
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CASE II 

Figure 7.21: Impedance (a) magnitude and (b) phase response of the CASE II fractionalorder electrode
model.

CASE III 

Figure 7.22: Impedance (a) magnitude and (b) phase response of the CASE III fractionalorder electrode
model.

architectures provide sufficient accuracy. The results are in fine agreement with the case shown in Fig.
7.19, where the the IFLF phase shows maximum error near the frequency span’s limits. It is noted that
both designs except from pseudocapacitance C, can also achieve order a tuning.

7.3.4 Tetrapolar Model simulation results

The models implemented above are utilized in simplified tetrapolar setup test cases, in order to ob
serve the impact of electrode and skin impedances at particular bioimpedance measurements. The setup
adopted for the tetrapolar ac simulations is shown in Fig. 7.32, assuming 4 vertically placed dry AgCl
2.54cm (1inch) diameter electrodes, at a distance of 3cm between each other. We note here that this setup
is just indicative; a more realistic representation requires a fine Finite Element (F.E.) forward model,
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CASE IV 

Figure 7.23: Impedance (a) magnitude and (b) phase response of the CASE IV fractionalorder electrode
model.

CASE V 

Figure 7.24: Impedance (a) magnitude and (b) phase response of the CASE V fractionalorder electrode
model.

which has to be properly transferred to a complex setup, consisted of blocks based on the presented
models.

The two opposite (upper and lower) electrodes inject a 1mA ac current of frequency between 1Hz

and 10kHz, while the twomiddle electrodes perform the differential voltage measurement. The electrode
material and skin RC equivalent subcircuits are replaced by the fractional integrated IC models, while the
extremely sensitive shunt impedances of electrodes and skin models (R∞) are merged in one resistor at
each contact, which is manually modified in the simulation. A target impedance,Rb is placed between the
two voltage measurement electodes, in parallel with a skin model’s RC impedance. Rb is the resistance
to be measured in each case. Finally, two 20pF parasitic capacitors are included for both voltage output
traces to include any possible stray capacitive effects [227],[264].

All simulated ac measurements demonstrate the difference V+ − V− as shown in Fig. 7.32 and their
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CASE VI 

Figure 7.25: Impedance (a) magnitude and (b) phase response of the CASE VI fractionalorder electrode
model.

CASE VII 

Figure 7.26: Impedance (a) magnitude and (b) phase response of the CASE VII fractionalorder electrode
model.

magnitude and phase are plotted at a frequency range between 1Hz and 10kHz. The layout design of the
fractionalorder skin and electrode models using IFLF design methodology is demonstrated in Fig. 7.33,
where the area is 351X614. The layout design of the fractionalorder skin and electrode models using
Versatile design methodology is demonstrated in Fig. 7.34, where the area is 351X714. The simulation
results of the tetrapolar bioimpedance measurements are postlayout, because we achieved them via ave
circuits (extracted).

Case I: Balanced contact impedances

In this case, all shunt impedances are kept at R∞ = 1.5kΩ, which is a usual medium frequency
contact value [307],[341]. The target impedance is set to Rb = 100Ω, 1kΩ and 10kΩ respectively, so as
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CASE VIII 

Figure 7.27: Impedance (a) magnitude and (b) phase response of the CASEVIII fractionalorder electrode
model.

to model the measurement effect at different orders of magnitude. The 3 subcases are compared with the
approximation RCnetwork cases, that correspond to a completely passive model.

The results in Fig. 7.35 indicate a maximum magnitude error of 200Ω and 2o (for the 10kΩ target
case), for both IFLF and Versatile methodologies, when compared with the RC network approximation.
In addition, it seems that lower absolute impedances (that are usual when measuring with electrodes
placed near to each other) can be accurately measured at frequencies near 10kHz, while higher valued
tissue impedance measurements, such as bones, are strongly affected by the presence of skin. The latter
therefore, need either invasive techniques or compensation and proper mathematical processing along
with the estimated neighboring skin tissue’s impedance to be measured at higher frequencies.

CASE I 

Figure 7.28: Impedance (a) magnitude and (b) phase response of the CASE I fractionalorder skin model.
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CASE II 

Figure 7.29: Impedance (a) magnitude and (b) phase response of the CASE II fractionalorder skin model.

CASE III 

Figure 7.30: Impedance (a)magnitude and (b) phase response of the CASE III fractionalorder skinmodel.

Case II: Imbalanced contact impedances

In bioimpedance measuring setups that include multiple electrodes, deviations between the electrode
contact impedances is a usual case. These imbalances might be caused by different pressure on each elec
trode, local differences of the skin surface smoothness or other external factors, that in extreme conditions
might lead even to electrode disconnections.

To examine this effect here, we assume 3 fixed electrode contact impedances ofR∞ = 1.5kΩ, while
one of them (in series with the positive voltage acquisition electrode) deviates between the following
values: Rre = {500Ω, 1kΩ, 1.5kΩ 2.5kΩ}. The target impedance is kept at Rb = 1kΩ. The magnitude
and phase results are shown in Fig. 7.36 for Versatile design methodology and in Fig. 7.37 for IFLF design
methodology. It is shown that for deviations up to 1kΩ in the contact impedance, we get a maximum
magnitude error of 40Ω and less than 1o of phase error. The choice of IC design methodology does not
show to affect the contact impedance’s deviation effect in the measurements.
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CASE IV

Figure 7.31: Impedance (a) magnitude and (b) phase response of the CASE IV fractionalorder skin
model.
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Figure 7.32: Tetrapolar setup cases.

The sensitivity behavior has been evaluated using the MonteCarlo analysis tool for N = 100

runs. The corresponding histograms for impedance and phase for target impedance Rb = 100Ω are
demonstrated in Fig. 7.38 for Versatile design methodology and in Fig. 7.39 for IFLF design method
ology , respectively. The mean value of the magnitude and phase for Versatile design methodology is
Mmean = 95.82Ω and Pmean = −1.93o and the standard deviation is σm = 1.54Ω and σP = 0.53o at
fo = 1kHz, respectively. The mean value of the magnitude and phase for IFLF design methodology is
Mmean = 95.69Ω and Pmean = −1.96o and the standard deviation is σm = 1.47Ω and σP = 0.47o at
fo = 1kHz, respectively.

The sensitivity behavior has been evaluated using the MonteCarlo analysis tool for N = 100

runs. The corresponding histograms for impedance and phase for target impedance Rb = 10kΩ are
demonstrated in Fig. 7.40 for Versatile design methodology and in Fig. 7.41 for IFLF design method
ology , respectively. The mean value of the magnitude and phase for Versatile design methodology is
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Mmean = 9.72kΩ and Pmean = −5.52o and the standard deviation is σm = 0.51kΩ and σP = 0.71o at
fo = 10Hz, respectively. The mean value of the magnitude and phase for IFLF design methodology is
Mmean = 9.81kΩ and Pmean = −5.64o and the standard deviation is σm = 0.58kΩ and σP = 0.61o at
fo = 10Hz, respectively.

 

Figure 7.33: Layout design of the implemented tetrapolar bioimpedance measurement.

 

Figure 7.34: Layout design of the implemented tetrapolar bioimpedance measurement.
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Figure 7.35: Ac magnitude and phase impedance measurements for (a) Rb = 100Ω, (b) Rb = 1kΩ and
(c) Rb = 10kΩ. All electrode and contact impedances are equal (R∞ = 1.5kΩ). The corresponding
RCnetwork approximations are included for comparison.
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Figure 7.36: Ac magnitude (upper) and phase (down) impedance measurements for deviated shunt
impedance of the positive voltage electrode (Versatile design).

Figure 7.37: Ac magnitude (upper) and phase (down) impedance measurements for deviated shunt
impedance of the positive voltage electrode (IFLF design).
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Figure 7.38: Sensitivity performance of magnitude for target impedance Rb = 100Ω using MonteCarlo
analysis (Versatile design).
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Figure 7.39: Sensitivity performance of magnitude for target impedance Rb = 100Ω using MonteCarlo
analysis (IFLF design).
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Figure 7.40: Sensitivity performance of magnitude for target impedance Rb = 10kΩ using MonteCarlo
analysis (Versatile design).
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Figure 7.41: Sensitivity performance of phase for target impedance Rb = 10kΩ using MonteCarlo
analysis (Versatile design).



276 Chapter Chapter 7  Miscellaneous Modeling and Simulation works and considerations

7.4 Analogue implementation of FractionalOrder healthy and cancerous
lung cell model for Electrical Impedance Spectroscopy

This work proposes an integratedcircuit architecture emulating healthy and cancerous lung cell be
haviors, approximated by ColeCole models and is suitable for calibration and phantom experimental
testing of electrical bioimpedance circuits and systems. The architecture is based on fractionalorder el
ements implemented with both active and passive components, offering an accurate transfer function
behavior between 10kHz and 1MHz. The highlevel architecture includes an analog allpass filter cou
pled with a current conveyor. Performance and accuracy of the proposed architecture is confirmed via
Monte Carlo simulation. The proposed circuitry has been designed in TSMC 90nm CMOS process and
simulated using the Cadence IC suite.

7.4.1 Introduction

The human tissues are characterized by specific electrical properties that reveal important information
about their physical structure and function over space, time and frequency. Therefore, bioimpedance mea
surements, such as simple tetrapolar measurement, Electrical Impedance Tomography (EIT) and Electri
cal Impedance Spectroscopy (EIS) are recently becoming widespread methods that can assist the diag
nostic process, avoiding invasive or continuous ionizing radiation exhibition procedures. In biompedance
measuring methods, a small amplitude alternating current that meets the patient safety standards is acted
via an electrode pair, attached on the patient skin surface [21].

Since bioimpedance measuring approaches are still developing both in hardware and software terms,
accurate simulations and calibration experiments that include the subject electrical equivalent are im
mensely desired. This requirement introduces some challenges, since the electrical behavior of most hu
man tissues is very complex and nonlinear over the frequency domain. They usually follow a ColeCole
frequency dispersion sequence. Moreover, the measurements often need to be taken at a wide frequency
range, since each frequency region reveals specific tissue properties that might not be detectable at other
regions [228].

Hence, high accuracy and large spectrummodels are developed in order to replicate the human tissues’
cells behavior. Due to their ColeCole nature, fractionalorder models are essential to achieve the desired
accuracy. Many mathematical fractionalorder models have been established for biological applications.
However, there is a noticeable lack of circuit modeling realization, which is necessary for the simulation
of bioimpedance measuring system and the calibration with prior experiments using phantom circuitries.
This absence is presented due to the fact that ColeCole models are impossible to be implemented using
linear RC circuit equivalents. EIT and EIS are widely utilized at the thoracic imaging, for the examination
of the lung’s structural and functional characteristics. Due to the lung’s dynamic behavior over the time
domain, thoracic tomographic images are usually obtained at frequencies between 10kHz and 1MHz [21].
Moreover, any maligant tissue regions are more detectable at higher frequencies. Therefore, fractional
order models are needed to be applied at this frequency span.

In this work, an analogue implementation of fractionalorder models, emulating normal and cancer
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ous lung tissue cells from 10kHz1MHz, is presented. Since fractionalorder models offer more degrees
of freedom, in comparison with integerorder, they are more accurate and sophisticated for realworld
system description [323], [324]. The implementation of the models is based on analog filters. In order to
transform the voltage (filter output) to impedance, we add a voltage to current (V/I) converter. The whole
architecture describes the behavior of a fractionalorder element.

The remainder of this work is organized as follows. In subsection 7.4.2, a brief presentation of the
mathematical fractionalorder model for the healthy and the cancerous lung tissue is written. In subsec
tion 7.4.3, the analogue implementation is described and in subsection 7.4.4, simulations performed in
Cadence IC suite and the corresponding results are demonstrated and discussed.

7.4.2 Lung ColeCole model

Many studies related with the lungs’ electrical properties over various frequency ranges are found in
the literature. Extensive studies for ColeCole parameter fitting at a large variety of human tissues are
found in [188], [189]. General ColeCole modelling studies targetted in EIS are also presented in [342]
and [343]. Specific work on the lung tissue cell electrical behavior from 1 MHz to 20GHz is found in
[344], while [193] searches an accurate correlation between the air content and the admittance.

In this particular work, we implement the ColeCole model described in [345], since it covers a the
frequency spectrum of interest (10 kHz to 1MHz) for EIS applications, and separates the model behavior
between benign and maligant lung tissue cells.

Each cell can be modeled using a parallel combination of a Constant Phase Element (CPE) and a
resistor, in series with a shunt impedance (Fig. 7.42). The ColeCole equation that expresses the healthy
lung cell is [345]

zb(ω) = R∞,b +
R0,b −R∞,b

1 + (jω)ab · (R0,b −R∞,b)Cb
(7.38)

while the equation that expresses the cancerous cell is [345]

zm(ω) = R∞,m +
R0,m −R∞,m

1 + (jω)am · (R0,m −R∞,m)Cm
(7.39)

zCPE,i

R    ,i

Ro,i

Figure 7.42: ColeCole model for a lung cell, where i = {b,m}.

Where R∞,i is the shunt Ohmic impedance, towards which the cell’s impedance converges while
frequency tends to infinity, Ro,i is the low frequency resistor, ai is the fractional CPE order, ω is the
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Table 7.15: Normal and cancerous lung cell ColeCole parameters

Parameter R∞ (Ω) Ro (Ω) a τ (·10−7s) C
(µF/sec1−a)

Normal 153± 69 1280± 421 0.66± 0.06 5.70± 3.71 0.067

Cancerous 76± 80 558± 143 0.64± 0.08 6.82± 0.12 0.235

angular frequency andCi the CPE’s (pseudo)capacitance. The characteristic time constant τi is expressed
by

τi =
ai

√
(R0,i −R∞,i)Ci (7.40)

The CPE’s impedance is computed with the following expression

zCPE =
1

Ci(jω)ai
(7.41)

It is noted that i = {b,m}, where b denotes a healthy lung cell andm a maligant one. The ColeCole pa
rameter values for both cases are demonstrated in Table 7.15, where the CPEs values have been estimated
from (7.40) using the mean parameter values.

It is obvious that there is a large variation at the parameters’ values, mainly due to the lung’s air con
tent. A lung can be at any state between the full inhalation (inflated state) and the full exhalation (deflated
state). Nevertheless, in this work we are focusing on EIS applications for cancerous cell detection. Since
between 10kHz and 1MHz the electrical conductivities and permittivities of a normal and a cancerous
cell do not overlap [345], our analogue circuitry model is based on the mean parameter values.

7.4.3 Model Implementation

Implementation of the behavior of fractionalorder elements is based on two types of approximation
techniques due to the fact that they are not yet available for massive production. The first technique is
RCnetwork approximation which provides easy implementation but it does not have the capability of
electronic tuning on the element’s characteristics (order or impedance) [338], [339].

The second one is integer order expression and the behavior of the element is approximated for ex
ample by means of the continue fraction expansion (CPE) method, round a center frequency ωo = 1/τ .
This is achieved via electronic parts such as operational transcoductance amplifies (OTAs) [346], current
mirrors [336] and current feedback operation amplifiers (CFOAs) [347]. This provides new highlevel
architectures and new building blocks for the design of more complex and accurate systems.

RCnetwork approximation

A typical network for approximating the behavior of fractionalorder capacitor is depicted in Fig.
7.43. It is consists of two correction factors Rp and Cp andm parallel resistors and capacitors branches.
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The generalized expression of the RCnetwork impedance is given by:

Ztot(s) = sCp +
1

Rp
+

m∑
κ=1

sCκ

sRκCκ + 1
(7.42)

Since the practical frequency of interest is between 10kHz and 1MHz, the center frequency is fo =

100kHz and the appropriate order of the RCnetwork ism = 3 (in order to achieve at least 1.5o accuracy).
Elements’ values are summarized in Table 7.16 for both lung cells. The center frequency, the orderm of
the RCnetwork and the values of passive elements are derived using MATLAB code [338, 339].

Table 7.16: Passive element values for approximating the fractionalorder capacitors of Fig. 2.

Normal
Lung

Cancerous
Lung

Element Value Element Value

C1 1.0nF C1 2.90nF
C2 451.40pF C2 1.25nF
C3 203.48pF C3 535.77pF
Cp 167.02pF Cp 404.42pF
R1 15.9kΩ R1 5.5kΩ
R2 3.4kΩ R2 1.2kΩ
R3 720Ω R3 274Ω

Rp 58.7kΩ Rp 19.1kΩ

CFE approximation

The behavior of fractionalorder capacitor is described by a fractionalorder differentiator connected
with a doubleoutput Current Conveyor (DOCCII) which acts as Voltage to Current (V/I) converter.
Fractionalorder differentiator is approximated by an allpass filter, which is implemented by utilizing
Current Feedback Operational Amplifiers (CFOAs) as active elements.

�✁

✂✁

�✄

✂✄

�☎

✆☎

✂✝�✝

Figure 7.43: ValsaVlach RCnetwork.
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The frequency range is set to be from 10kHz to 1MHz for our model and we choose 3rdorder CFE
approximation round a center frequency ωo = 1/τ [336, 337, 347, 348]. The expression of the 3rdorder
CFE approximation is described by:

(τs)α ≈ a3s
3+a2s

2+a1s+ao
b3s3+b2s2+b1s+bo

(7.43)

where:
α3 = bo = α3 + 6α2 + 11α+ 6,
α2 = b1 = −3α3 − 6α2 + 27α+ 54,
α1 = b2 = 3α3 − 6α2 − 27α+ 54,
αo = b3 = −α3 + 6α2 − 11α+ 6

and α is the order of the differentiator (all pass filter) [336, 337, 347, 348]. The complete design of
proposed architecture is depicted in Fig. 7.44 and parameters are summarized in Table 7.17. In Fig. 3 the
resistors’ and capacitors’ values can be easily calculated using the corresponding parameters based on
(7.43). The transfer function of the fractionalorder differentiator, which is based on a 3rdorder all pass
filter is given by:

H(s) = (τs)α =
a3s

3+a2s
2+a1s+ao

b3s3+b2s2+b1s+bo
(7.44)

The impedance of the fractionalorder capacitor is given by:

Zcap(s) =
Rvi

H(s)
(7.45)

where Rvi is the appropriate resistor of the V/I converter andH(s) is the expression of the filter.

Table 7.17: Parameter of the circuit in Fig. 7.44.

Parameter Value Parameter Value

b3 1 b2
1

R1C1

b1
b2

R2C2
bo

b1
R3C3

α3
R6R8

R1(R6+R8)
α2

α3
RC +

b2R8R6
RC(R6+R8)

αo
b1R8

R7(R6+R8)
α1 RCαo +

b2R8R6
RCR5(R6+R8)

7.4.4 Simulations and Results

The proposed lung cell has been designed in TSMC 90nm CMOS process, using the Cadence IC
design suite. The schematic of the corresponding CFOA is shown in Fig. 7.45 and the schematic of the
appropriate V/I converter is depicted in Fig. 7.46, according to [337]. The power supply rails are set to
VDD = −VSS = 0.75V, Ib = 200nA, Ibias = 3nA and all transistors operate in the subthreshold
region. The dimensions of the MOS transistors of the CFOA and the DOCCII are summarized in Table
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Figure 7.44: Implementation of fractionalorder capacitor emulator.

7.18.

Figure 7.45: Employed CFOA.

The obtained magnitude and phase responses in comparison with both RCnetwork and theoretically
predicted ones confirm the behavior of the fractionalorder healthy and cancerous lung cell model as
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shown in Fig. 7.47. The results of the proposed impedance models are in fine agreement with the theo
retical ones and confirm the proper operation, performance and accuracy of the proposed topology.

The sensitivity behavior has been evaluated using the MonteCarlo analysis tool for N = 100 runs
for impedance and phase for health lung. The mean value of the impedance and phase is Imean = 1.06kΩ
and Pmean = −18.28o and the standard deviation is σI = 0.07kΩ and σP = 1.36o at fo = 100kHz,
respectively. The MonteCarlo analysis demonstrates the performance and accuracy of the proposed ar
chitecture.

Figure 7.46: Employed DOCCII for the implementation of V/I converter.

Table 7.18: MOS Transistors Dimensions – CFOA & DOCCII.

CFOA W/L
(µm/µm)

DOCCII W/L
(µm/µm)

Mn1Mn9 13/0.5 Mn1Mn9 13/0.5

Mp5Mp10 50/0.5 Mp4Mp10 50/0.5

Mp11,Mp12 100/0.5 Mp3 100/0.5

Mp1Mp4 20/0.4 Mp1,Mp2 20/0.4
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Figure 7.47: Frequency responses of fractionalorder lung cell model.
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8 Conclusions

This chapter draws some important conclusions about the results from the research conducted in this
PhD thesis. It focuses on the results and the contribution of Chapters 3, 4, 6 and 7.

In the third chapter (Chapter 3) of this PhD thesis, an integral equation based PointMatchingMethod
ofMoment for differenceEIT imaging, employing Green’s functions and expressing the conductivity
logarithm as RBFs superposition was presented. It was evaluated via 2D simulation, experimental and
medicaldatabased cases as well as with 3D cylindricalcavity simulations. The results indicate that
the conductivity inclusions were successfully detected with a small number of iterations. SVD analy
sis, simulations with noisy signals and experimental data demonstrate that the proposed method is more
robust to noise than conventional F.E.M. imaging approaches. The method can be used with any pair
wise measurement pattern, for serial or simultaneous voltage measurement, making it an efficient one
for timedifference EIT. It can also be extended to work with multiple current source schemes used for
frequencydifference EIT.

In the fourth chapter (Chapter 4), the methodofmoment EIT reconstruction approach is combined
with an SBL method and applied to dynamic EIT lung imaging. In this study, 3D CTbased F.E. tho
racic cavities considering 5 breath cycle states and the basic thoracic tissues were developed to simulate
the measuring process. Quantitative evaluation was performed using a variety of metrics, and an exten
sive comparison with other reconstruction approaches took place. In vivo imaging using online available
data was also carried out. The results show that the proposed (PMMoM SBL) approach appears to im
prove spatial resolution in the reconstructed EIT images. Furthermore, despite the method’s high time
complexity, the lack of necessity for hyperparameter selection reduces the effects of this disadvantage.
Future research must be performed in the following directions: A) Optimization of the SBL algorithm in
terms of imaging quality and time complexity; and B) Application in 3D multilayer EIT imaging.

In chapter 6, an EIT simulation interface which makes use of Python, MATLAB, and LT SPICE
software is applied in order to evaluate the impact of modeling, parasitic, and noise effects in phantom
cylindrical cases and in thoracic imaging. Each SUT is modeled as a fine F.E. structure, which is trans
formed to a multiport RLC circuitry block and merged in the analogue SPICE EIT circuitry. Transient and
noise simulations are carried out in LT SPICE, while MATLAB creates the input data (input sinusoidal
waveform and digital signals for the multiplexers’ control) and handles the output SPICE transient data
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to simulate the digital EIT hardware part. Configurations of the electrodes and the signal sampling are
considered, and comparison of the results is performed. Simulations showed the significant effect of the
channels’ impedances at low frequencies and passiveelectrode configurations in reconstructions as well
as the effect of the parasitic channels’ capacitors at higher frequencies. The active electrode configuration
can compensate for these effects, while increasing the demodulation filter taps can increase the acquired
signal SNR and, as a result, the reconstructed image quality. This interface can be used as a valuable tool
in EIT system design for prior estimation of custom EIT system performance under different analogue
and digital part characteristics.

In chapter 7, the results of three individual research works are discussed. In 7.1 a high temporal
resolution multiparameter thoracic simulation model for EIT is described. The simulations are executed
in MATLAB and FEMM software. The effect of ventilation (breathing) and circulation (blood) cycles
on tissue movement and admittances was taken into account during each frame measurement. For each
frame, the bipolar current source is shifted N times between the electrodes and each one is considered
as a discrete simulation time step, giving a resolution ofN time steps per frame. The simulation model’s
tunability can be further improved, with the randomization of more thoracic sections and chesttypes
initial boundaries. Extensive functional analysis and post processing needs to be performed on the images,
in order to acquire valid medical data.

In 7.3 skin and electrode Cole models we implemented, using two design methodologies, in fractional
order integrated form using OTAs and CCIIs as structural elements. Simulations showed very low mag
nitude and phase errors, while tetrapolar setup simulations revealed possible bioimpedance measuring
issues related to the electrode and adjacent skin tissues up to 10 kHz. The ICs and layouts implemented
can be used in more complex circuitry setups for calibration and phantom experimental testing much
more effectively than simple resistor or RC networks that are currently utilized, since they offer suffi
cient tunability over all frequencies of interest and model parameter variations.

In 7.4 the healthy and cancerous lung cells (Cole model) were implemented in fractional order inte
grated form using CFOAs and CCIIs as active elements. Simulations showed very low impedance and
phase errors for fractionalorder model and also confirming the accuracy and the performance of the pro
posed architecture, in system level. The ICs implemented can be used in more complex circuitry setups
for calibration and phantom experimental testing, much more effectively than simple resistor or RC net
works.

Overall, the research conducted, the methodologies adopted and the results acquired through this
PhD dissertation makes a scientific contribution in the field of biomedical engineering, medical imaging,
medical electronics and especially Electrical Impedance Tomography. Furthermore, I hope that it will
provide the scientific community with some useful knowledge and tools for future accomplishments in
the field that will lead to wider clinical application of Electrical Impedance Tomography. A possible future
related research direction could be found in the field of Machine Learning, where both supervised deep
learning and nonsupervised learning approaches could potentially improve the image reconstructions’
spatial resolution. Another research direction is the implementation of a wideband EIT system that can
be adapted to a range of medical applications, such as realtime lung monitoring, cancerous cell detection
and tracking, as well as brain EIT and neuroimaging.



9 Appendix A:
MATLABEIDORS code

9.1 Code for the Regularized and GREIT reconstructions in Chapter 2

%%%%Run e i d o r s
%%%run p a t h _ t o _ e i d o r s \ s t a r t u p .m
%%%%de f i n e measurement p a t t e r n
s k i p c u r r =0;
s k i p v o l t =0 ;
%%%%de f i n e e l e c t r o d e number
N=16;
e l e c s =N;
%%%%c y l i n d r i c a l s e t u p d imens i on s
h e i g h t =1 ;
r a d i u s = 1 . 5 ;
%%%%g r i d d e n s i t y (NETGEN pa r ame t e r )
maxh =0 . 1 ;
e l e c t r o d e _ z =0 . 6 ;
%%%%DEFINE s i g n a l SNR
SNR1=60;
SNR2=40;

%%%%%homogeneous model
%%%%c a l l NETGEN
fmdl = ng_mk_cyl_models ( [ h e i gh t , r a d i u s , maxh ] , [ e l e c s , e l e c t r o d e _ z ] , 0 . 1 ) ;
[ s t im , e l s ] = mk_ s t im_p a t t e r n s (N, 1 , [ 0 , s k i p c u r r + 1 ] , [ 0 , s k i p v o l t + 1 ] , { } , 0 . 0 0 1 ) ;
FWD_image = mk_image ( fmdl , 1 ) ;
FWD_image . fwd_model . s t i m u l a t i o n = s t im ;
FWD_image . fwd_so lve . g e t _ a l l _me a s = 1 ;
vh= fwd_so lve ( FWD_image ) ;

%%%%%inhomogeneous model
%%%c r e a t e s p h e r i c a l i n c l u s i o n
o b j e c t ={ ’ b a l l ’ , ’ s o l i d b a l l = s ph e r e ( 0 , 0 . 5 , 0 . 5 ; 0 . 3 5 ) ; ’ } ;
%%%%c a l l NETGEN
fmdl2 = ng_mk_cyl_models ( [ h e i gh t , r a d i u s , maxh ] , [ e l e c s , e l e c t r o d e _ z ] , 0 . 0 5 , o b j e c t ) ;
FWD_image2= mk_image ( fmdl2 , 1 ) ;
FWD_image2 . e l em_da t a ( fmdl2 . mat_ idx { 2 } ) = 0 . 1 ;
FWD_image2 . fwd_model . s t i m u l a t i o n = s t im ;
FWD_image2 . fwd_so lve . g e t _ a l l _me a s = 1 ;
v i = fwd_so lve ( FWD_image2 ) ;

%%%%image s im u l a t i o n model w i th i n c l u s i o n

f i g u r e
H1=show_fem ( FWD_image2 , 1 ) ;
a x i s t i g h t
a x i s o f f
co lormap j e t
s e t (H1 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H1 , ’ edgea lpha ’ , 0 . 2 5 ) ;
ho ld on
p l o t 3 ( 1 . 5 * cos ( 0 : 0 . 0 1 : 2 * p i ) , 1 . 5 * s i n ( 0 : 0 . 0 1 : 2 * p i ) , ( 1 + 0 . 0 1 ) * ones ( l e n g t h ( 0 : 0 . 0 1 : 2 * p i ) ,1) , ’−−b ’ , ’ LineWidth ’ , 2 )
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ho ld on
p l o t 3 ( 1 . 5 * cos ( 0 : 0 . 0 1 : 2 * p i ) , 1 . 5 * s i n ( 0 : 0 . 0 1 : 2 * p i ) , z e r o s ( l e n g t h ( 0 : 0 . 0 1 : 2 * p i ) ,1) , ’−− r ’ , ’ LineWidth ’ , 2 )
z l im ( [ 0 1 . 0 2 ] )
view ( [ 0 4 0 ] )
a x i s o f f
co = c o l o r b a r ;

co . T i c k L a b e l I n t e r p r e t e r = ’ Latex ’ ;
co . Fon tS i z e =13;
co . Labe l . S t r i n g = ’ Con d u c t i v i t y ( $S /m$ ) ’ ;
co . Labe l . I n t e r p r e t e r = ’ Latex ’ ;
co . Labe l . Fon tS i z e =16;

%%%%%show vo l t a g e d i s t r i b u t i o n

f i g u r e
img_v1 = rm f i e l d ( FWD_image2 , ’ e l em_da ta ’ ) ;
img_v1 . node_da t a = v i . v o l t ( : , 1 ) ;
s h ow_ s l i c e s ( img_v1 , [ 0 . 2 ; 0 . 3 ; 0 . 4 ] * [ i n f , i n f , 1 ] )

f i g u r e
img_v2 = rm f i e l d ( FWD_image2 , ’ e l em_da ta ’ ) ;
img_v2 . node_da t a = v i . v o l t ( : , 6 ) ;
s h ow_ s l i c e s ( img_v2 , [ 0 . 2 ; 0 . 3 ; 0 . 4 ] * [ i n f , i n f , 1 ] )

%%%%%%%%%%%%%%%%%show measurements ( no i s e−f r e e )

f i g u r e
Mmax=max (max ( r e a l ( vh . meas ) ) , max ( r e a l ( v i . meas ) ) ) ;
p l o t ( r e a l ( vh . meas ) /Mmax, ’ b ’ , ’ LineWidth ’ , 2 )
ho ld on
p l o t ( r e a l ( v i . meas ) /Mmax, ’ r ’ , ’ LineWidth ’ , 2 )
g r i d on
XL= x l a b e l ( ’ Measurement Index ’ , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;
XL . Fon tS i z e =16;
YL= y l a b e l ( ’ Normal ized Vo l t age ( Noise−f r e e ) ’ , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;
YL . Fon tS i z e =16;
a = g e t ( gca , ’ XTickLabel ’ ) ;
s e t ( gca , ’ XTickLabel ’ , a , ’ f o n t s i z e ’ , 1 6 )
s e t ( gca , ’ T i c k L a b e l I n t e r p r e t e r ’ , ’ l a t e x ’ ) ;
x l im ( [ 0 210 ] )
y l im ( [ 0 1 . 3 ] )
Leg= l egend ({ ’ Homogeneous ’ , ’ With I n c l u s i o n ’ } , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;

%%%%%%%%%%%%%%
%%%% add no i s e t o measurements
vh1n1 = awgn ( vh . meas , SNR1 , ’ measured ’ ) ;
vh2n1 = awgn ( v i . meas , SNR1 , ’ measured ’ ) ;

vh1n2 = awgn ( vh . meas , SNR2 , ’ measured ’ ) ;
vh2n2 = awgn ( v i . meas , SNR2 , ’ measured ’ ) ;

%%%%%%De f a u l t h yp e r p a r am t e r v a l u e s
lambdaSTR1=1e−06;
lambdaSTR2=1e−05;
%
lambdaLap lace1 =1e−06;
l ambdaLap lace2 =1e−05;
%
lambdaNoser1 =0 . 002 ;
lambdaNoser2 =0 . 0 2 ;
%
lambdaGauss1=1e−06;
lambdaGauss2=1e−05;
%
lambdaTV1=1e−12;
lambdaTV2=1e−10;

%%%%%%%%%Se t i n v e r s e (2D r e c o n s t r u c t i o n ) model

invmodel=mk_common_model ( ’ d2c3 ’ ,N ) ;
invmodel . fwd_model . s t i m u l a t i o n = s t im ;
invmodel . fwd_model . me a s _ s e l e c t = e l s ;
invmodel . fwd_so lve . g e t _ a l l _me a s = 1 ;

%%%%%Gauss−Newton R e c o n s t r u c t i o n
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e ido r s_msg ( ’ D i f f e r e n c e GN−Re c o s t r u c t i o n ’ ) ;
invmodelGN= invmodel ;
invmodelGN . s o l v e =@inv_solve_gn ;
invmodelGN . i nv_ so l v e_gn . m a x _ i t e r a t i o n s = 20 ;

%%%%Standa r d Tikhonov Reg
invmodelSTR=invmodelGN ;
invmodelSTR . R tR_p r i o r = @pr io r_ t i khonov ;
%%%%SNR1
invmodelSTR . hyp e r p a r ame t e r . v a l u e =lambdaSTR1 ;
imagesSTR1= i n v _ s o l v e ( invmodelSTR , vh1n1 , vh2n1 ) ;
%%%%SNR2
invmodelSTR . hyp e r p a r ame t e r . v a l u e =lambdaSTR2 ;
imagesSTR2= i n v _ s o l v e ( invmodelSTR , vh1n2 , vh2n2 ) ;

%%%%Lap l ace Reg
invmode lLap l ace=invmodelGN ;
invmode lLap l ace . R tR_p r i o r = @p r i o r _ l a p l a c e ;
%%%%SNR1
invmode lLap l ace . h yp e r p a r ame t e r . v a l u e = lambdaLap lace1 ;
imagesLap l ace1= i n v _ s o l v e ( invmode lLap lace , vh1n1 , vh2n1 ) ;
%%%%SNR2
invmode lLap l ace . h yp e r p a r ame t e r . v a l u e = lambdaLap lace2 ;
imagesLap l ace2= i n v _ s o l v e ( invmode lLap lace , vh1n2 , vh2n2 ) ;

%%%%NOSER Reg
invmodelNOSER=invmodelGN ;
invmodelNOSER . R tR_p r i o r = @pr io r_nose r ;
%%%%SNR1
invmodelNOSER . hyp e r p a r ame t e r . v a l u e = lambdaNoser1 ;
imagesNOSER1= i n v _ s o l v e ( invmodelNOSER , vh1n1 , vh2n1 ) ;
%%%%SNR2
invmodelNOSER . hyp e r p a r ame t e r . v a l u e = lambdaNoser2 ;
imagesNOSER2= i n v _ s o l v e ( invmodelNOSER , vh1n2 , vh2n2 ) ;

%%%%Gauss Reg
invmodelGauss=invmodelGN ;
invmodelGauss . R tR_p r i o r = @pr ior_gauss ian_HPF ;
%%%%SNR1
invmodelGauss . h yp e r p a r ame t e r . v a l u e = lambdaGauss1 ;
imagesGauss1= i n v _ s o l v e ( invmodelGauss , vh1n1 , vh2n1 ) ;
%%%%SNR2
invmodelGauss . h yp e r p a r ame t e r . v a l u e = lambdaGauss2 ;
imagesGauss2= i n v _ s o l v e ( invmodelGauss , vh1n2 , vh2n2 ) ;

%%%%%TV Re c o n s t r u c t i o n
e ido r s_msg ( ’ D i f f e r e n c e TV−Re c o s t r u c t i o n ’ ) ;
invmodelTV= invmodel ;
invmodelTV . s o l v e =@inv_solve_TV_pdipm ;
invmodelTV . p a r ame t e r s . t e rm _ t o l e r a n c e = 1e−3;
invmodelTV . p a r ame t e r s . k e e p _ i t e r a t i o n s = 0 ;
invmodelTV . R_p r i o r = @prior_TV ;
%%%%SNR1
invmodelTV . hyp e r p a r ame t e r . v a l u e =lambdaTV1 ;
imagesTV1= i n v _ s o l v e ( invmodelTV , vh1n1 , vh2n1 ) ;
%%%%SNR2
invmodelGauss . h yp e r p a r ame t e r . v a l u e =lambdaTV2 ;
imagesTV2= i n v _ s o l v e ( invmodelTV , vh1n2 , vh2n2 ) ;

%%%%GREIT
e ido r s_msg ( ’GREIT 2 . 5D Re c o s t r u c t i o n ’ ) ;
%%%%s e t NF
op t . n o i s e _ f i g u r e = 0 . 5 ;
%%%%%Se t t r a i n i n g model
LB= s i z e ( invmodel . fwd_model . boundary , 1 ) ;
boundary= z e r o s (LB , 2 ) ;
l i =1 ;
f o r l l =1 :LB
boundary ( l l , : ) = [ invmodel . fwd_model . nodes ( invmodel . fwd_model . boundary ( l i , 1 ) , 1 ) . . .
invmodel . fwd_model . nodes ( invmodel . fwd_model . boundary ( l i , 1 ) , 2 ) ] ;
boundary ( l l + 1 , : ) = [ invmodel . fwd_model . nodes ( invmodel . fwd_model . boundary ( l i , 2 ) , 1 ) . . .
invmodel . fwd_model . nodes ( invmodel . fwd_model . boundary ( l i , 2 ) , 2 ) ] ;
l i = l i +1 ;
end
boundary (LB+ 1 , : ) = [ ] ;
%boundary=boundary / 1 0 0 ;
f o r e l e c t r o d e =1:N
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e l e c _x ( e l e c t r o d e )= invmodel . fwd_model . nodes ( invmodel . fwd_model . e l e c t r o d e ( e l e c t r o d e ) . nodes ( 1 ) , 1 ) ;
e l e c _y ( e l e c t r o d e )= invmodel . fwd_model . nodes ( invmodel . fwd_model . e l e c t r o d e ( e l e c t r o d e ) . nodes ( 1 ) , 2 ) ;
end
e l e c _ po s =[360*( a t a n2 ( e l ec_y , e l e c _x ) / ( 2 * p i ) ) ’ 0 . 5* ones (N , 1 ) ] ;
e l e c _ s h a p e = [ 0 . 0 5 , 0 , 0 . 0 1 ] ;
%
invmodel3D=ng_mk_extruded_model ( { 1 , boundary , [2 12 ] , 0 . 2 } , e l e c_pos , e l e c _ s h a p e ) ;
invmodel3D . s t i m u l a t i o n = s t im ;
invmodel3D . me a s _ s e l e c t = e l s ;
invmodel3D . fwd_so lve . g e t _ a l l _me a s = 1 ;
%%%%c r e a t e r e c o n s t r u c t i o n model
s _ s i z e =[35 3 5 ] ;
op t . imgsz= s _ s i z e ;
imd lg r = mk_GREIT_model ( invmodel3D , 0 . 2 , [ ] , op t ) ;
%%%%SNR1
imagesGREIT1= i n v _ s o l v e ( imdlgr , vh1n1 , vh2n1 ) ;
%%%%SNR2
imagesGREIT2= i n v _ s o l v e ( imdlgr , vh1n2 , vh2n2 ) ;

f i g u r e
s u b p l o t ( 1 , 2 , 1 )
H2=show_fem ( imagesSTR1 ) ;
s e t (H2 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H2 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t
s u b p l o t ( 1 , 2 , 2 )
H3=show_fem ( imagesSTR2 ) ;
s e t (H3 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H3 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t

f i g u r e
s u b p l o t ( 1 , 2 , 1 )
H4=show_fem ( imagesLap l ace1 ) ;
s e t (H4 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H4 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t
s u b p l o t ( 1 , 2 , 2 )
H5=show_fem ( imagesLap l ace2 ) ;
s e t (H5 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H5 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t

f i g u r e
s u b p l o t ( 1 , 2 , 1 )
H6=show_fem ( imagesNOSER1 ) ;
s e t (H6 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H6 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t
s u b p l o t ( 1 , 2 , 2 )
H7=show_fem ( imagesNOSER2 ) ;
s e t (H7 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H7 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t

f i g u r e
s u b p l o t ( 1 , 2 , 1 )
H8=show_fem ( imagesGauss1 ) ;
s e t (H8 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H8 , ’ edgea lpha ’ , 0 . 2 5 ) ;
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a x i s o f f
a x i s t i g h t
co lormap j e t
s u b p l o t ( 1 , 2 , 2 )
H9=show_fem ( imagesGauss2 ) ;
s e t (H9 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H9 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t

f i g u r e
s u b p l o t ( 1 , 2 , 1 )
H10=show_fem ( imagesTV1 ) ;
s e t (H10 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H10 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t
s u b p l o t ( 1 , 2 , 2 )
H11=show_fem ( imagesTV2 ) ;
s e t (H11 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H11 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t

f i g u r e
s u b p l o t ( 1 , 2 , 1 )
H12=show_fem ( imagesGREIT1 ) ;
s e t (H12 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H12 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t
s u b p l o t ( 1 , 2 , 2 )
H13=show_fem ( imagesGREIT2 ) ;
s e t (H13 , ’ edgeco l o r ’ , [ 0 . 5 0 . 5 0 . 5 ] ) ;
s e t (H13 , ’ edgea lpha ’ , 0 . 2 5 ) ;
a x i s o f f
a x i s t i g h t
co lormap j e t

9.2 Code for SPICEMATLAB hardware simulation interface

This code has been used in the SPICEIT project:
https://github.com/chdim100/SPICE-MATLAB-Interface-for-Electrical-Impedance-Tomography-Simulation-SPICEIT-

to obtain the simulation results in [264], [265] and [194].
%%%te s t b en ch_Tank .m

%%%%%%%%%
%%%%SPICEIT Phantom Tank t e s t b e n c h
%%%%%%%%%
%%%pa th t o e i d o r s ( ’ . . . \ e i d o r s−v3.9−ng \ e i d o r s \ ’ )
path2EID = ’C : p a t h _ t o _ e i d o r s ’ ;
%%%s t a r t EIDORS
s t a r t p a t h =[ path2EID ’ s t a r t u p ’ ] ;
run ( s t a r t p a t h )

%%%pa th t o SPICEIT
path2SPICEIT = ’D : \ EIT \ SPICEIT \ ’ ;
%%%%pa th t o measurement f i l e s ( . . . ’ LT_SPICE \ Measurements \ ’ )
d e s kpa t h =[ path2SPICEIT ’LT_SPICE \ Measurements \ ’ ] ;

%%%No of e l e c t r o d e s
N=16;

%%%%measurement p a t t e r n ( sk ip−0, sk ip−0 f o r bo th 15k and 100k f r e q s
%%%%, or sk ip−3, sk ip−0 f o r on ly 15kHz f r e q s )
%%%skip−c u r r e n t
s k i p c u r r =0;
%%%skip−v o l t a g e

https://github.com/chdim100/SPICE-MATLAB-Interface-for-Electrical-Impedance-Tomography-Simulation-SPICEIT-
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s k i p v o l t =0 ;

%%%%e l e c t r o d e c o n f i g u r a t i o n (ONLY ’ Pa s s i v e ’ )
C i r c u i t _ E l e c t r o d e s = ’ Pa s s i v e ’ ;

%%%e l e c t r o d e d e v i a t i o n (ONLY ’ Symmetric ’ ( no d e v i a t i o n ) )
e l e c t r o d e _ d e v i a t i o n = ’ Symmetric ’ ;

%%%e l e c t r o d e s i z e (ONLY ’005 ’ )
e l e c t r o d e _ s i z e = ’005 ’ ;

%%%s i n u s o i d a l s i g n a l f r e qu en cy (15000 or 100000 i n Hz ) . %%%NOTE THAT 100KHz
%%%a r e no t a v a i l a b l e f o r c u r r e n t sk ip−3, v o l t a g e sk ip−0 p a t t e r n
s i g _ f r e q u e n c y =15000;
%s i g _ f r e q u e n c y =100000;

%%%ADC sampl ing r a t e (MSPS)
f s =1e +05;

%%%ADC r e s o l u t i o n
L b i t s =16;

%%%Number o f p e r i o d s sampled pe r measurement (1−4)
No fS i n ePe r i od s =4;

%%%ADC Vol t age Re f e r enc e
Vref = 3 . 3 ;

%%%whi t e n o i s e r e s u l t i n g from LT SPICE s imu l a t i o n ( Vrms )
Noise =1e−03;

%%%r e c o n s t r u c t i o n a l g o r i t hm ================================================

%%%−Algor i t hm : ’ d i r e c t ’ o r ’ one_s t ep ’ f o r s i n g l e−s t e p approach ,
%%% ’TV’ or ’ T o t a l _V a r i a t i o n ’ o r ’ Pdipm ’ o r ’ pdipm ’ or ’PDIPM’
%%% fo r To t a l V a r i a t i o n
%%% ’ i t e r a t i o n a lGN ’ or ’ mulistepGN ’ or ’ i t e r a t i o nGN ’ or ’GN2’ f o r i t e r a t i v e
%%% ( non−l i n e a r ) Gauss−Newton app roach

Algo r i t hm = ’ d i r e c t ’ ;

%%%r e c o n s t r u c t i o n p r i o r ====================================================

%%%−p r i o r : 1 , ’NOSER’ , ’ Noser ’ o r ’ nose r ’ f o r NOSER,
%%% 2 , ’LAPLACE’ , ’ Lap lace ’ or ’ l a p l a c e ’ f o r Lap l a ce
%%% 3 , ’ Gauss ian ’ , ’ Gauss ’ , ’GAUSSIAN’ or ’ g au s s i a n ’ f o r Gaus s i an HPF
%%% 4 , ’TV’ or ’ T o t a l _V a r i a t i o n ’ f o r To t a l V a r i a t i o n
%%% lambda : h yp e r p a r ame t e r o f t h e i n v e r s e problem

p r i o r = ’Noser ’ ;

%%%%r e c o n s t r u c t i o n hyp e r p a r ame t e r
lambda =0 . 1 ;

%%%%%c a l c u l a t e SNR
g e t c e l l =1 ;

s i t u a t i o n 1 = ’Homo ’ ;
s i t u a t i o n 2 = ’ inhomo ’ ;
%%%%
%%%tank ca s e 1−3
t a n k c a s e =2;

measdest_homo =[ ’ Tank1Homo_Skip ’ num2s t r ( s k i p c u r r ) ] ;
measdes t_ inhomo =[ ’ Tank ’ num2s t r ( t a n k c a s e ) ’ inhomo_Skip ’ num2s t r ( s k i p c u r r ) ] ;

%%%%d e f l a t e d c a s e measurements
[ Amplitudeshomo , Realhomo , Imagehomo , Phaseshomo , Vo l t a g eCe l l 1 ]= Get_Sp ice_Measurement s (N, s k i p c u r r , . . .
s k i p v o l t , s i g _ f r e qu en cy , Lb i t s , f s , measdest_homo , e l e c t r o d e _ d e v i a t i o n , . . .
C i r c u i t _ E l e c t r o d e s , e l e c t r o d e _ s i z e , de skpa th , Vref , Noise , No fS inePe r i od s , Vref , ’ Tank ’ , g e t c e l l , 1 ) ;
%%%%i n f l a t e d c a s e measurements
[ Ampl i t udes inh , Rea l inh , Imaginh , Phase s i nh , Vo l t a g eCe l l 2 ]= Get_Sp ice_Measurement s (N, s k i p c u r r , . . .
s k i p v o l t , s i g _ f r e qu en cy , Lb i t s , f s , measdes t_inhomo , e l e c t r o d e _ d e v i a t i o n , . . .
C i r c u i t _ E l e c t r o d e s , e l e c t r o d e _ s i z e , de skpa th , Vref , Noise , No fS inePe r i od s , Vref , ’ Tank ’ , g e t c e l l , 0 ) ;

%%%%s e t r e c o n s t r u c t i o n model
t a r g e t = ’ d2c2 ’ ;
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IMDL= s e t _ i n v e r s e _mod e l (N, s k i p c u r r , s k i p v o l t , Algor i thm , p r i o r , lambda , t a r g e t ) ;

Im r e a l = i n v _ s o l v e (IMDL, Realhomo / max ( Realhomo ) , Rea l i nh / max ( Realhomo ) ) ;
Maxscale=max ( r e a l ( Im r e a l . e l em_da t a ) ) ;
%Minsca l e =min ( r e a l ( Im r e a l . e l em_da t a ) ) ;
Im r e a l . e l em_da t a =( Im r e a l . e l em_da t a ) / Maxscale * 0 . 3 ;
im= Imr e a l ;
f i g u r e
H1=show_fem ( Imrea l , 1 ) ;
a x i s o f f
s e t (H1 , ’ edgeco l o r ’ , ’ none ’ ) ;
a x i s s qu a r e
f i g u r e
p l o t ( Ampli tudeshomo / max ( Ampli tudeshomo ) , ’ LineWidth ’ , 2 )
ho ld on
p l o t ( Amp l i t ude s i nh / max ( Amp l i t ude s i nh ) , ’ LineWidth ’ , 2 )
L= l egend ({ ’ Homogeneous ’ , ’ Inhomogeneous ’ } , ’ i n t e r p r e t e r ’ , ’ l a t e x ’ ) ;
L . Fon tS i z e =12;
XL1= x l a b e l ( ’ Measurement Index ’ , ’ i n t e r p r e t e r ’ , ’ l a t e x ’ ) ;
XL1 . Fon tS i z e =14;
YL1= y l a b e l ( ’ Ampl i tudes ( Normal ized ) ’ , ’ i n t e r p r e t e r ’ , ’ l a t e x ’ ) ;
YL1 . Fon tS i z e =14;
x l im ( [ 0 210 ] )
y l im ( [ 0 1 . 3 ] )

%%%te s t b e n ch_Tho r a x .m
c l o s e a l l
%%%%%%%%%
%%%%SPICEIT_Thorax t e s t b e n c h
%%%%%%%%%
%%%pa th t o e i d o r s ( ’ . . . \ e i d o r s−v3.9−ng \ e i d o r s \ ’ )
path2EID = ’C : p a t h _ t o _ e i d o r s ’ ;
%%%s t a r t EIDORS
s t a r t p a t h =[ path2EID ’ s t a r t u p ’ ] ;
run ( s t a r t p a t h )

%%%pa th t o SPICEIT
path2SPICEIT = ’D : \ EIT \ SPICEIT \ ’ ;
%%%%pa th t o measurement f i l e s ( . . . ’ LT_SPICE \ Measurements \ ’ )
d e s kpa t h =[ path2SPICEIT ’LT_SPICE \ Measurements \ ’ ] ;

%%%No of e l e c t r o d e s
N=16;

%%%%measurement p a t t e r n ( on ly a d j a c e n t , i . e . sk ip−0, sk ip−0 i s s u ppo r t e d
%%%%fo r t h e t h o r a x f o r t h e t ime )
%%%skip−c u r r e n t
s k i p c u r r =0;
%%%skip−v o l t a g e
s k i p v o l t =0 ;

%%%%e l e c t r o d e c o n f i g u r a t i o n ( ’ Pa s s i v e ’ o r ’ Act ive_Rec ’ )
C i r c u i t _ E l e c t r o d e s = ’ Pa s s i v e ’ ;
%C i r c u i t _ E l e c t r o d e s = ’ Act ive_Rec ’ ;

%%%e l e c t r o d e d e v i a t i o n ( ’ Symmetric ’ o r ’ Asymmetric ’ )
e l e c t r o d e _ d e v i a t i o n = ’ Symmetric ’ ;
%e l e c t r o d e _ d e v i a t i o n = ’Asymmetric ’ ;

%%%e l e c t r o d e s i z e ( ’005 ’ o r ’003 ’ )
e l e c t r o d e _ s i z e = ’003 ’ ;
%e l e c t r o d e _ s i z e = ’005 ’ ;

%%%s i n u s o i d a l s i g n a l f r e qu en cy (15000 or 100000 i n Hz )
%s i g _ f r e q u e n c y =15000;
s i g _ f r e q u e n c y =100000;

%%%ADC sampl ing r a t e ( SPS )
f s =1176470 .5882352941176;
% f s =240000;
%f s =400000;
%f s =1600000;

%%%ADC r e s o l u t i o n
L b i t s =16;

%%%Number o f p e r i o d s sampled pe r measurement (1−4)
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NofS i n ePe r i od s =4;

%%%%ADC r e f e r e n c e (V)
Vref = 3 . 3 ;

%%%whi t e n o i s e r e s u l t i n g from LT SPICE s imu l a t i o n ( Vrms )
Noise =6e−03;

%%%r e c o n s t r u c t i o n a l g o r i t hm ================================================

%%%−Algor i t hm : ’ d i r e c t ’ o r ’ one_s t ep ’ f o r s i n g l e−s t e p approach ,
%%% ’TV’ or ’ T o t a l _V a r i a t i o n ’ o r ’ Pdipm ’ o r ’ pdipm ’ or ’PDIPM’
%%% fo r To t a l V a r i a t i o n
%%% ’ i t e r a t i o n a lGN ’ or ’ mulistepGN ’ or ’ i t e r a t i o nGN ’ or ’GN2’ f o r i t e r a t i v e
%%% ( non−l i n e a r ) Gauss−Newton app roach

Algo r i t hm = ’ d i r e c t ’ ;

%%%r e c o n s t r u c t i o n p r i o r ====================================================

%%%−p r i o r : 1 , ’NOSER’ , ’ Noser ’ o r ’ nose r ’ f o r NOSER,
%%% 2 , ’LAPLACE’ , ’ Lap lace ’ or ’ l a p l a c e ’ f o r Lap l a ce
%%% 3 , ’ Gauss ian ’ , ’ Gauss ’ , ’GAUSSIAN’ or ’ g au s s i a n ’ f o r Gaus s i an HPF
%%% 4 , ’TV’ or ’ T o t a l _V a r i a t i o n ’ f o r To t a l V a r i a t i o n
%%% lambda : h yp e r p a r ame t e r o f t h e i n v e r s e problem

p r i o r = ’Noser ’ ;

%%%%r e c o n s t r u c t i o n hyp e r p a r ame t e r
lambda =0 . 1 ;

%%%%getSNR
g e t c e l l =1 ;

%%%%image r e c o n s t r u c t i o n
[ im ,SNR]= Thorac ic_ image_wi th_SPICEIT ( pa th , de skpa th ,N, s k i p c u r r , s k i p v o l t , . . .
C i r c u i t _ E l e c t r o d e s , e l e c t r o d e _ d e v i a t i o n , e l e c t r o d e _ s i z e , s i g _ f r e qu en cy , f s , . . .
Lb i t s , No fS inePe r i od s , Vref , Noise , Algor i thm , p r i o r , lambda , g e t c e l l ) ;

%%%%%load r e f e r e n c e image f o r t h e c o r r e s p o nd i n g f r e qu en cy
l o ad ( [ ’ i n v_ r e f _ ’ num2s t r ( round ( s i g _ f r e q u e n c y / 1 0 0 0 ) ) ’kHz . mat ’ ] )
%%%% compute image CC (R^2)
CCmat= c o r r c o e f ( i n v _ r e f e r e n c e . e lem_da ta , im . e l em_da t a ) ;
CC=CCmat ( 1 , 2 ) ;
n o rm a l i z e d _ r e f e r e n c e =norma l i ze_meas ( i n v _ r e f e r e n c e . e l em_da t a ) ;
no rma l i z ed_measu r emen t s =norma l i ze_meas ( im . e l em_da t a ) ;
RRE=norm ( n o rma l i z e d _ r e f e r e n c e−no rma l i z ed_measu r emen t s ) / norm ( n o rm a l i z e d _ r e f e r e n c e ) ;

SNR
CC
RRE

%%%========================================================
f u n c t i o n [ im ,SNR]= Thorac ic_ image_wi th_SPICEIT ( pa th , de skpa th ,N, s k i p c u r r , s k i p v o l t , . . .
C i r c u i t _ E l e c t r o d e s , e l e c t r o d e _ d e v i a t i o n , e l e c t r o d e _ s i z e , s i g _ f r e q u en cy , f s , . . .
Lb i t s , No fS inePe r i od s , Vref , Noise , Algor i thm , p r i o r , lambda , g e t c e l l )
%%%%%%ac q u i r e t h o r a c i c images
%%% In p u t s :
%%%−pa t h : t h e pa t h t o EIDORS
%%%−de skpa t h : t h e pa t h t o t h e t r a n s i e n t SPICE measurement f i l e s ( f o l d e r
%%%Measurements )
%%%−N: t h e number o f e l e c t r o d e s used f o r t h e measurements
%%%−s k i p c u r r : c u r r e n t−s k i p p r o t o c o l ( i f a v a i l a b l e )
%%%−s k i p v o l t : v o l t a g e−s k i p p r o t o c o l ( i f a v a i l a b l e )
%%%−C i r c u i t _ E l e c t r o d e s : ’ Pa s s i v e ’ f o r p a s s i v e e l e c t r o d e c o n f i g u r a t i o n ,
%%%’Act ive_Rec ’ f o r a c t i v e e l e c t r o d e c o n f i g u r a t i o n
%%%−e l e c t r o d e _ d e v i a t i o n : ’ Symmetric ’ f o r no e l e c t r o d e d e v i a t i o n ,
%%%’Asymmetric ’ f o r minor e l e c t r o d e d e v i a t i o n
%%%−e l e c t r o d e _ s i z e : ’005 ’ o r ’003 ’ (5 o r 3cm) r a d i u s c i r c u l a r e l e c t r o d e s
%%%−s i g _ f r e q u e n c y : i n p u t s i g n a l f r e qu en cy 15000 or 100000 ( i n Hz )
%%%−f s : ADC sampl ing f r e qu en cy ( i n Hz )
%%%−Lb i t s : ADC r e s o l u t i o n
%%%−NofS i n ePe r i od s : No of p e r i o d s t o be sampled ( i n t e g e r , 1−4)
%%%−Noise : wh i t e n o i s e s i g n a l ( i n Vo l t s ) , a s computed from SPICE s imu l a t i o n
%%%−Algor i t hm : ’ d i r e c t ’ o r ’ one_s t ep ’ f o r s i n g l e−s t e p approach ,
%%% ’TV’ or ’ T o t a l _V a r i a t i o n ’ o r ’ Pdipm ’ o r ’ pdipm ’ or ’PDIPM’
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%%% fo r To t a l V a r i a t i o n
%%% ’ i t e r a t i o n a lGN ’ or ’ mulistepGN ’ or ’ i t e r a t i o nGN ’ or ’GN2’ f o r i t e r a t i v e
%%% ( non−l i n e a r ) Gauss−Newton app roach
%%%−p r i o r : 1 , ’NOSER’ , ’ Noser ’ o r ’ nose r ’ f o r NOSER,
%%% 2 , ’LAPLACE’ , ’ Lap lace ’ or ’ l a p l a c e ’ f o r Lap l a ce
%%% 3 , ’ Gauss ian ’ , ’ Gauss ’ , ’GAUSSIAN’ or ’ g au s s i a n ’ f o r Gaus s i an HPF
%%% 4 , ’TV’ or ’ T o t a l _V a r i a t i o n ’ f o r To t a l V a r i a t i o n
%%% lambda : h yp e r p a r ame t e r o f t h e i n v e r s e problem

%%%Outpu t s :
%%%−im : r e c o n s t r u c t e d image s t r u c t (EIDORS fo rma t )

%%%============================================================================
%%%============================================================================
s i t u a t i o n 1 = ’ d e f l a t e d ’ ;
s i t u a t i o n 2 = ’ i n f l a t e d ’ ;
i f s k i p v o l t ==0&&s k i p c u r r ==0
s k i p = ’ ’ ;
e l s e
s k i p =[ ’ sk ip ’ , num2s t r ( s k i p c u r r ) , ’ _ ’ , num2s t r ( s k i p v o l t ) , ’ _ ’ ] ;
end

me a s d e s t _ d e f l a t e d =[ ’ EIT_2019_ ’ , num2s t r ( round ( s i g _ f r e q u e n c y / 1 0 0 0 ) ) , . . .
’ k_ ’ , sk ip , ’ Mi r ro red_Cur ren t_P t_Br igh t_VAR ’ s i t u a t i o n 1 ] ;
m e a s d e s t _ i n f l a t e d =[ ’ EIT_2019_ ’ , num2s t r ( round ( s i g _ f r e q u e n c y / 1 0 0 0 ) ) , . . .
’ k_ ’ , sk ip , ’ Mi r ro red_Cur ren t_P t_Br igh t_VAR ’ s i t u a t i o n 2 ] ;

%%%%d e f l a t e d c a s e measurements
[ Ampl i t udesde f , Rea lde f , Imagdef , Pha se sde f , Vo l t a g eCe l l 1 ]= Get_Sp ice_Measurement s (N, s k i p c u r r , . . .
s k i p v o l t , s i g _ f r e q u en cy , Lb i t s , f s , m e a s d e s t _ d e f l a t e d , e l e c t r o d e _ d e v i a t i o n , . . .
C i r c u i t _ E l e c t r o d e s , e l e c t r o d e _ s i z e , de skpa th , Noise , No fS inePe r i od s , Vref , ’ Tho rac i c ’ , g e t c e l l , 0 ) ;
%%%%i n f l a t e d c a s e measurements
[ Amp l i t ud e s i n f , Re a l i n f , Imaginf , P h a s e s i n f , Vo l t a g eCe l l 2 ]= Get_Sp ice_Measurement s (N, s k i p c u r r , . . .
s k i p v o l t , s i g _ f r e q u en cy , Lb i t s , f s , m e a s d e s t _ i n f l a t e d , e l e c t r o d e _ d e v i a t i o n , . . .
C i r c u i t _ E l e c t r o d e s , e l e c t r o d e _ s i z e , de skpa th , Noise , No fS inePe r i od s , Vref , ’ Tho rac i c ’ , g e t c e l l , 0 ) ;
%%%%s e t r e c o n s t r u c t i o n model
t a r g e t = ’d2T3 ’ ;
IMDL= s e t _ i n v e r s e _mod e l (N, s k i p c u r r , s k i p v o l t , Algor i thm , p r i o r , lambda , t a r g e t ) ;
IMDL . fwd_model . e l e c t r o d e ( [9 :−1 :1 ,16 :−1 :10] )=IMDL . fwd_model . e l e c t r o d e ;

Im r e a l = i n v _ s o l v e (IMDL, R e a l i n f / max ( Amp l i t ude sde f ) , Rea l d e f / max ( Amp l i t ude sde f ) ) ;
Maxscale=max ( r e a l ( Im r e a l . e l em_da t a ) ) ;
%Minsca l e =min ( r e a l ( Im r e a l . e l em_da t a ) ) ;
Im r e a l . e l em_da t a =( Im r e a l . e l em_da t a ) / Maxscale * 0 . 3 ;
im= Imr e a l ;

i f g e t c e l l ==1
%%%%%%Ca l c u l a t e mean s i g n a l SNR
SNRmean1=Calcu la te_SNR ( Vo l t ag eCe l l 1 , Lb i t s , Vref , No fS inePe r i od s , s i g _ f r e q u en cy , f s , Noise ) ;
SNRmean2=Calcu la te_SNR ( Vo l t ag eCe l l 2 , Lb i t s , Vref , No fS inePe r i od s , s i g _ f r e q u en cy , f s , Noise ) ;
SNR=(SNRmean1+SNRmean2 ) / 2 ;
e l s e
SNR= [ ] ;
end

f i g u r e
H1=show_fem ( Imrea l , 1 ) ;
a x i s o f f
s e t (H1 , ’ edgeco l o r ’ , ’ none ’ ) ;
a x i s s qu a r e
f i g u r e
p l o t ( Amp l i t ude sde f / max ( Amp l i t ude sde f ) , ’ LineWidth ’ , 2 )
ho ld on
p l o t ( Amp l i t u d e s i n f / max ( Amp l i t u d e s i n f ) , ’ LineWidth ’ , 2 )
L= l egend ({ ’ D e f l a t e d Lungs ’ , ’ I n f l a t e d Lungs ’ } , ’ i n t e r p r e t e r ’ , ’ l a t e x ’ ) ;
L . Fon tS i z e =12;
XL1= x l a b e l ( ’ Measurement Index ’ , ’ i n t e r p r e t e r ’ , ’ l a t e x ’ ) ;
XL1 . Fon tS i z e =14;
YL1= y l a b e l ( ’ Ampl i tudes ( Normal ized ) ’ , ’ i n t e r p r e t e r ’ , ’ l a t e x ’ ) ;
YL1 . Fon tS i z e =14;
x l im ( [ 0 210 ] )
y l im ( [ 0 1 . 3 ] )

end

%%%%%============================================
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f u n c t i o n tho r ax_mode l =Se t_Thorax ( pa th , s t a t e , f r eq , e l e c t r o d e _ d e v i a t i o n , Rel , c o n d u c t i v i t y _ v a l u e s )
c l c
%%%% Cr e a t e s 3D F . E .M. and SPICE Netgen Thorax models
%%%In p u t s :
%%%−pa t h : p a t h t o EIDORS f o l d e r ( . . . \ e i d o r s−v3.9−ng \ e i d o r s \ )
%%%−s t a t e : I n f l a t e d o r D e f l a t e d
%%%−f r e q : S i g n a l Frequency (15000 or 100000 Hz )
%%%−e l e c t r o d e _ d e v i a t i o n : s e t e l e c t r o d e d e v i a t i o n . ’ Symmetric ’ o r
%%%’Assymet r i c ’
%%%−Rel : ’003 ’ o r ’005 ’ ( no rma l i z ed c i r c u l a r e l e c t r o d e r a d i u s )
%%%−c o n d u c t i v i t y _ v a l u e s : ’ c o n s t a n t ’ f o r c o n s t a n t c o n d u c t i v i t y i n each
%%%t i s s u e , ’ v a r i a t i o n a l ’ f o r s t d c o n d u c t i v i t i e s
%%%

%%%Outpu t s :
%%%−t ho r ax_mode l : F . E .M. t h o r a x 3D model e x t r a c t e d

%tho rax_mode l =Se t_Thorax ( ’ I n f l a t e d ’ , 15000 , ’ Symmetric ’ , 0 . 0 5 , ’ v a r i a t i o n a l ’ ) ;

sw i t c h Rel
c a s e 0 . 05
e l e c t r o d e _ s i z e = ’ Large_AgCl ’ ;
o t h e rw i s e
e l e c t r o d e _ s i z e = ’ Small_AgCl ’ ;
end
%%%%s e t geomet ry
i n i t i a l _ s t r u c t =[ ’ Thorax_ ’ s t a t e ’_ ’ e l e c t r o d e _ d e v i a t i o n ’ _Rel = ’ num2s t r ( Rel ) ] ;
s t r u c t u r e _ p a t h =[ p a t h ’ S t r u c t u r e s \ Thoracic_New \ ’ ] ;
s t r u c t u r e _ g e ome t r y =[ s t r u c t u r e _ p a t h i n i t i a l _ s t r u c t ’ . mat ’ ] ;
i f e x i s t ( s t r u c t u r e _ g e ome t r y , ’ f i l e ’ )~=2
[ img , e l e c _ po s ]= c r e a t e _ t h o r a x _ g e ome t r y ( s t r u c t u r e _ g e ome t r y , s t a t e , e l e c t r o d e _ d e v i a t i o n , Rel , p a t h ) ;
e l s e
l o ad ( s t r u c t u r e _ g e ome t r y )
end
%%%%s e t e l emen t c o n d u c t i v i t i e s
t ho r ax_mode l = s e t _ e l em_condu c t s ( img , s t a t e , f r eq , c o n d u c t i v i t y _ v a l u e s , p a t h ) ;
%img . fwd_model . nodes =12* img . fwd_model . nodes ;

%%%%c r e a t e t h e e q u i v a l e n t N−p o r t c i r c u i t . c i r f i l e
name=[ ’ Thorax2020_ ’ s t a t e ’_ ’ e l e c t r o d e _ d e v i a t i o n ’_ ’ num2s t r ( round ( f r e q / 1 0 0 0 ) ) ’k ’ ] ;
e l emen t _p a t h =[ s t r u c t u r e _ p a t h ’ f r e q _ e l eme n t s \ ’ ] ;
e l emen t _ d a t a = tho rax_mode l . e l em_da t a ;
e l em_f i l e_name =[ e l emen t _p a t h name ’ _Rel = ’ num2s t r ( Rel ) ’ . mat ’ ] ;
s ave ( e l em_f i l e_name , ’ e l emen t _da t a ’ )
e i t _ sp i c eRLC ( thorax_mode l , name , f r eq , ’ Thorax ’ , Device , e l e c t r o d e _ s i z e ) ;
end

f u n c t i o n [ img , e l e c _ po s ]= c r e a t e _ t h o r a x _ g e ome t r y ( s t r u c t u r e _ g e ome t r y , s t a t e , symmetry , Rel , p a t h )

t h o r a x = s h a p e _ l i b r a r y ( ’ ge t ’ , ’ adu l t _ma l e ’ , ’ boundary ’ ) ;
r l u n g = s h a p e _ l i b r a r y ( ’ ge t ’ , ’ adu l t _ma l e ’ , ’ r i g h t _ l u n g ’ ) ;
l l u n g = s h a p e _ l i b r a r y ( ’ ge t ’ , ’ adu l t _ma l e ’ , ’ l e f t _ l u n g ’ ) ;
%%%%DEFAULT MODEL IS CONSIDERATED AS DEFLATED CASE
%WE BUILD THE INFLATED CASE
t h o r a x i n f = t h o r a x ;
t h o r a x i n f ( 1 : 8 , 2 ) = t h o r a x i n f ( 1 : 8 , 2 ) + 0 . 0 8 ;
t h o r a x i n f ( end−7:end , 2 ) = t h o r a x i n f ( end−7:end , 2 ) + 0 . 0 8 ;
r l u n g i n f = r l u n g ;
r l u n g i n f ( end−6:end , 2 ) = r l u n g i n f ( end−6:end , 2 ) + 0 . 1 5 ;
l l u n g i n f = l l u n g ;
l l u n g i n f ( 2 : 8 , 2 ) = l l u n g i n f ( 2 : 8 , 2 ) + 0 . 1 4 ;
% one cou ld a l s o run :
% s h a p e _ l i b r a r y ( ’ ge t ’ , ’ adu l t _ma l e ’ ) ;
% t o g e t a l l t h e i n f o a t once i n a s t r u c t
l o ad ( [ p a t h ’ \ Bounda r i e s \ Spond i l u s 1 . mat ’ ] )
l o ad ( [ p a t h ’ \ Bounda r i e s \ NewHeart . mat ’ ] )
% show t h e l i b r a r y image
s h a p e _ l i b r a r y ( ’ show ’ , ’ adu l t _ma l e ’ ) ;
ho ld on
p l o t ( [ s p o n d i l u s ( : , 1 ) ; s p o n d i l u s ( 1 , 1 ) ] , [ s p o n d i l u s ( : , 2 ) ; s p o n d i l u s (1 ,2 ) ] , ’−o ’ , ’ LineWidth ’ , 2 )
ho ld on
p l o t ( [ newhea r t ( : , 1 ) ; newhea r t ( 1 , 1 ) ] , [ newhea r t ( : , 2 ) ; newhea r t (1 ,2 ) ] , ’−o ’ , ’ LineWidth ’ , 2 )
f i g u r e
sw i t c h s t a t e
c a s e ’ De f l a t e d ’
o = [ ] ;
c a s e ’ I n f l a t e d ’
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t h o r a x = t h o r a x i n f ;
l l u n g = l l u n g i n f ;
r l u n g = r l u n g i n f ;
end

o b j e c t s ={ tho r ax , r l ung , l l u ng , f l i p u d ( s p o n d i l u s ) , newhea r t } ;

i f s t r cmp ( symmetry , ’ Asymmetric ’ )
l o ad ( [ p a t h ’ S t r u c t u r e s \ e l e c_po s_dev1 . mat ’ ] )
[ img , e l e c _ po s ]= c rea t e_Forw_mode l ( 16 , o b j e c t s , symmetry , Rel , e l e c _ po s ) ;
e l s e
[ img , e l e c _ po s ]= c rea t e_Forw_mode l ( 16 , o b j e c t s , symmetry , Rel ) ;
end

save ( s t r u c t u r e _ g e ome t r y , ’ img ’ )
f p r i n t f ( ’ saved new s t r u c t u r e geomet ry : %s \ n ’ , s t r u c t u r e _ g e ome t r y )

end

f u n c t i o n tho r ax_mode l = s e t _ e l em_condu c t s ( img , s t a t e , f r eq , c o n d u c t i v i t y _ v a l u e s , p a t h )

%c l e a r a l l p r e v i o u s v a l u e s
img . e l em_da t a ( : ) = 1 ;
%s e l e c t t i s s u e l i s t depended on t h e s t a t e
sw i t c h s t a t e
c a s e ’ De f l a t e d ’
l i s t o f i n t e r e s t =[1 3 4 5 8 , 1 0 ] ;
c a s e ’ I n f l a t e d ’
l i s t o f i n t e r e s t =[1 2 4 5 8 , 1 0 ] ;
end

%load T i s s u e s _ a dm i t t a n c e !
c h e c k t i s s u e f i l e =[ p a t h ’ T i s s u e _ P r o p e r t i e s \ Thorax \ T i s sue s_ ’ , num2s t r ( round ( f r e q / 1 0 0 0 ) ) , ’ kHz . mat ’ ] ;
wh i l e e x i s t ( c h e c k t i s s u e f i l e , ’ f i l e ’ )~=2
f p r i n t f ( ’RUN Python s c r i p t f o r f =%4.0 f Hz ! \ n ’ , f r e q )
f p r i n t f ( ’ Then p r e s s e n t e r \ n ’ )
pause ( )
end
l o ad ( c h e c k t i s s u e f i l e )

%s e t a dm i t t a n c e s t o e l emen t s
img . e l em_da t a ( : ) = T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 3 ) , 1 ) ;
img . e l em_da t a ( img . fwd_model . mat_ idx {2})= . . .
T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 2 ) , 1 ) + . . .
1 i * T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 2 ) , 2 ) ; % r l u n g
img . e l em_da t a ( img . fwd_model . mat_ idx {3})= . . .
T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 2 ) , 1 ) + . . .
1 i * T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 2 ) , 2 ) ; % l l u n g
img . e l em_da t a ( img . fwd_model . mat_ idx { 4 } ) = . . .
T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 4 ) , 1 ) + . . .
1 i * T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 4 ) , 2 ) ; % s p o n d i l u s
img . e l em_da t a ( img . fwd_model . mat_ idx {5})= . . .
T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 1 ) , 1 ) + . . .
1 i * T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 1 ) , 2 ) ; % h e a r t
% sk i n
[ s r f , i dx ] = f i nd_bounda r y ( img . fwd_model . e lems ) ;
bound_nodes_coords1=img . fwd_model . nodes ( s r f ( : , 1 ) , : ) ;
bound_nodes_coords2=img . fwd_model . nodes ( s r f ( : , 2 ) , : ) ;
bound_nodes_coords3=img . fwd_model . nodes ( s r f ( : , 3 ) , : ) ;
bound_e l emen t_coo rd s ( : , 1 ) = ( bound_nodes_coords1 ( : , 1 ) + bound_nodes_coords2 ( : , 1 ) + bound_nodes_coords3 ( : , 1 ) ) / 3 ;
bound_e l emen t_coo rd s ( : , 2 ) = ( bound_nodes_coords1 ( : , 2 ) + bound_nodes_coords2 ( : , 2 ) + bound_nodes_coords3 ( : , 2 ) ) / 3 ;
bound_e l emen t_coo rd s ( : , 3 ) = ( bound_nodes_coords1 ( : , 3 ) + bound_nodes_coords2 ( : , 3 ) + bound_nodes_coords3 ( : , 3 ) ) / 3 ;

b o u n d _ p e r i p h e r a l _ l o c a l _ i n d = f i n d ( bound_e l emen t_coo rd s ( : , 3 ) <=0 .98& bound_e l emen t_coo rd s ( : , 3 ) > = 0 . 0 2 ) ;
b o u n d _ p e r i p h e r a l _ g l o b a l _ i n d = idx ( b o u n d _ p e r i p h e r a l _ l o c a l _ i n d ) ;
img . e l em_da t a ( b o u n d _ p e r i p h e r a l _ g l o b a l _ i n d )= ( T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 6 ) , 1 ) + . . .
1 i * T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 6 ) , 2 ) + T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 5 ) , 1 ) + . . .
1 i * T i s s u e s _ a dm i t t a n c e ( l i s t o f i n t e r e s t ( 5 ) , 2 ) ) / 2 ;
f i g u r e
show_fem ( img ) ; view ( 0 , 7 0 ) ;

sw i t c h c o n d u c t i v i t y _ v a l u e s
c a s e ’ c o n s t a n t ’
%do no t h i n g !
c a s e ’ v a r i a t i o n a l ’
%muscle
L1= l e n g t h ( img . e l em_da t a ( img . fwd_model . mat_ idx { 1 } ) ) ;
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img . e l em_da t a ( img . fwd_model . mat_ idx {1})= . . .
img . e l em_da t a ( img . fwd_model . mat_ idx { 1 } ) . * ( 1+ randn ( L1 , 1 ) * 0 . 0 2 ) ;
%r i g h t l ung
L2= l e n g t h ( img . e l em_da t a ( img . fwd_model . mat_ idx { 2 } ) ) ;
img . e l em_da t a ( img . fwd_model . mat_ idx {2})= . . .
img . e l em_da t a ( img . fwd_model . mat_ idx { 2 } ) . * ( 1+ randn ( L2 , 1 ) * 0 . 0 3 ) ;
%l e f t l ung
L3= l e n g t h ( img . e l em_da t a ( img . fwd_model . mat_ idx { 3 } ) ) ;
img . e l em_da t a ( img . fwd_model . mat_ idx {3})= . . .
img . e l em_da t a ( img . fwd_model . mat_ idx { 3 } ) . * ( 1+ randn ( L3 , 1 ) * 0 . 0 3 ) ;
%s p o n d i l u s
L4= l e n g t h ( img . e l em_da t a ( img . fwd_model . mat_ idx { 4 } ) ) ;
img . e l em_da t a ( img . fwd_model . mat_ idx {4})= . . .
img . e l em_da t a ( img . fwd_model . mat_ idx { 4 } ) . * ( 1+ randn ( L4 , 1 ) * 0 . 0 1 ) ;
%h e a r t
L5= l e n g t h ( img . e l em_da t a ( img . fwd_model . mat_ idx { 5 } ) ) ;
img . e l em_da t a ( img . fwd_model . mat_ idx {5})= . . .
img . e l em_da t a ( img . fwd_model . mat_ idx { 5 } ) . * ( 1+ randn ( L5 , 1 ) * 0 . 0 2 ) ;
end
f i g u r e
p l o t ( abs ( img . e l em_da t a ) , ’ * ’ )
ho ld on
tho r ax_mode l =img ;
end

%%%%%%=====================================================
f u n c t i o n IMDL= s e t _ i n v e r s e _mod e l (N, s k i p c u r r , s k i p v o l t , a l g o r i t hm , f i l t , lambda , t a r g e t )
%s e t s t h e i n v e r s e model where t h e r e c o n s t r u c t i o n i s t a k i n g p l a c e
%t a r g e t = ’ d2c2 ’ ;
%t a r g e t = ’ d2t3 ’ ;

imdl2= mk_common_model ( t a r g e t ,N ) ;
% C a l c u l a t e a s t i m u l a t i o n p a t t e r n
[ s t im , e l s ] = mk_ s t im_pa t t e r n s (N, 1 , [ 0 , s k i p c u r r + 1 ] , [ 0 , s k i p v o l t + 1 ] , { } , 1 ) ;
% Solve a l l v o l t a g e p a t t e r n s
imdl2 . fwd_model . s t i m u l a t i o n = s t im ;
imdl2 . fwd_model . me a s _ s e l e c t = e l s ;
imdl2 . fwd_so lve . g e t _ a l l _me a s = 1 ;
%s e t a l g o r i t hm pa r ame t e r s
imdl2 . h yp e r p a r ame t e r . v a l u e = lambda ;
sw i t c h a l g o r i t hm
ca s e {1 , ’ d i r e c t ’ , ’ one_s t ep ’}
imdl2 . s o l v e =@inv_so lve_d i f f_GN_one_s t ep ;
c a s e {2 , ’ i t e r a t i o n a l ’ , ’ mu l i s t e p ’ , ’ i t e r a t i o n ’ , ’GN’}
imdl2 . s o l v e =@inv_solve_abs_GN ;
imdl2 . i n v_ so l v e_gn . m a x _ i t e r a t i o n s = 20 ;
c a s e {3 , ’TV’ , ’ T o t a l _V a r i a t i o n ’ , ’ Pdipm ’ , ’ pdipm ’ , ’ PDIPM’}
imdl2 . s o l v e =@inv_solve_TV_pdipm ;
imdl2 . R_p r i o r = @prior_TV ;
imdl2 . p a r ame t e r s . t e rm _ t o l e r a n c e = 1e−3;
imdl2 . p a r ame t e r s . m a x _ i t e r a t i o n s =25;
imdl2 . p a r ame t e r s . k e e p _ i t e r a t i o n s = 25 ;
c a s e {4 , ’ Back−P r o j e c t i o n ’ , ’ Back−p r o j e c t i o n ’ , ’BP’}
imdl2 . s o l v e = @inv_so lve_backp ro j ;
imdl2 . i n v _ s o l v e _ b a c k p r o j . t y p e = ’ s i m p l e _ f i l t e r ’ ;
c a s e {5 , ’ i t e r a t i o n a lGN ’ , ’ mulistepGN ’ , ’ i t e r a t i o nGN ’ , ’GN2’}
imdl2 . s o l v e =@inv_solve_gn ;
imdl2 . i n v_ so l v e_gn . m a x _ i t e r a t i o n s = 20 ;
imdl2 . i n v_ so l v e_gn . r e t u r n _wo r k i n g _ v a r i a b l e s = 1 ;
o t h e rw i s e
e r r o r ( ’ unde r c o n s t r u c t i o n ’ )
end
i f a l g o r i t hm ~=4
sw i t c h f i l t
c a s e {1 , ’NOSER’ , ’ Noser ’ , ’ nose r ’ }
imdl2 . R tR_p r i o r = @pr io r_nose r ;
c a s e {2 , ’LAPLACE’ , ’ Lap lace ’ , ’ l a p l a c e ’}
imdl2 . R tR_p r i o r = @p r i o r _ l a p l a c e ;
c a s e {3 , ’ Gauss ian ’ , ’ Gauss ’ , ’GAUSSIAN’ , ’ g au s s i a n ’}
imdl2 . R tR_p r i o r = @pr ior_gauss ian_HPF ;
c a s e {4 , ’TV’ , ’ T o t a l _V a r i a t i o n ’}
imdl2 . R tR_p r i o r =@prior_TV ;
o t h e rw i s e
e r r o r ( ’ unde r c o n s t r u c t i o n ’ )
end
end
imdl2 . j a cob i an_bkgnd . v a l u e = 1 ;
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IMDL=imdl2 ;
end

%%%%%============================================================
f u n c t i o n s p i c e = e i t _ sp i c eRLC ( img , p a t h 2 l i b , name , f , t i s s u e _ t y p e , e l e c t r o d e _ s i z e )
%f u n c t i o n s p i c e = e i t _ s p i c e ( img , [ name ] )
% Conve r t s an EIT FEM model wi th a s s i g n e d c o n d u c t i v i t i e s ( an EIDORS ” img ” ) t o a
% model reduced , f u l l y connec t ed mesh of r e s i s t o r s i n SPICE fo rma t .
% I f t h e FEM model has complex va l u ed c o n d u c t i v i t i e s , t h e mesh w i l l be an RLC
% mesh ne twork .
%
% An o p t i o n a l s u b c i r c u i t ’ name ’ can be p r ov i d ed .
%
% DONE! complex v a l u e s u p p o r t (DIMAS 2020)
% TODO f i x e l e c t r o d e o r d e r i n g f o r mixed PEM/CEM e l e c t r o d e s
%
% CITATION_REQUEST :
% AUTHOR: A Boyle and A Adle r
% TITLE : I n t e g r a t i n g C i r c u i t S imu l a t i o n wi th EIT FEM Models
% JOURNAL: 19 t h I n t e r n a t i o n a l Con fe r ence on Biomed i ca l A p p l i c a t i o n s o f E l e c t r i c a l Impedance Tomography , Edinburgh , UK
% YEAR: 2018
%

% (C) 2018 A. Boyle , L i c en s e : GPL v e r s i o n 2 or v e r s i o n 3

%%%%%%In p u t s :
%%%−img : 3D FEM model
%%%−p a t h 2 l i b : p a t h t o SPICE l i b r a r y ( where Netgen . c i r models a r e s t o r e d )
%%%−name : ’ name of t h e model ’
%%%−f : i n p u t s i g n a l f r e qu en cy (Hz )
%%%−t i s s u e _ t y p e : ’ Thorax ’ f o r t ho r ax , ’Head ’ f o r head s t r u c t u r e
%%%−e l e c t r o d e _ s i z e : ’003 ’ o r ’005 ’ ( no rma l i z ed c i r c u l a r e l e c t r o d e r a d i u s )

i f i s c h a r ( img ) & s t r cmp ( img , ’UNIT_TEST ’ ) u n i t _ t e s t ( ) ; end

i f n a r g i n == 1
name = [ ’ e i t _ ’ , num2s t r ( f ) , ’Hz ’ ] ;
end

Dprime = mode l_ reduce ( img ) ;
% d i s p ( f u l l ( 1 . / Dprime ) )
% d i s p ( f u l l (−1 . / ( Dprime − t r i l ( Dprime ) ) ) ) ;
s p i c e = n e t l i s t ( Dprime , name , f ) ;

i f n a r g ou t == 0
i f s t r cmp ( t i s s u e _ t y p e , ’ Head ’ )
f o l d e r =[ p a t h 2 l i b ’ S t r u c t u r e s \ New_St ruc t s_2020 \ ’ t i s s u e _ t y p e ’ \ ’ ] ;
e l s e
f o l d e r =[ p a t h 2 l i b ’ S t r u c t u r e s \ New_St ruc t s_2020 \ ’ t i s s u e _ t y p e ’ \ ’ e l e c t r o d e _ s i z e ’ \ ’ ] ;
end
f i l e n ame = [ f o l d e r name ’ . c i r ’ ] ;
i nd =1;
wh i l e e x i s t ( f i l ename , ’ f i l e ’ )==2
ind= ind +1;
f i l e n ame = [ f o l d e r name ’_ ’ num2s t r ( i nd ) ’ . c i r ’ ] ;
end
FILE = fopen ( f i l ename , ’w ’ ) ;
f p r i n t f ( FILE , ’% s \ n ’ , s p i c e { : } ) ;
f c l o s e ( FILE ) ;
e ido r s_msg ( [ ’ saved SPICE n e t l i s t t o ’ f i l e n ame ] ) ;
r e t u r n
end
end

f u n c t i o n Dprime = mode l_ reduce ( img )
Y = ca l c_ sy s t em_ma t ( img ) ; Y= Y. E ;
nn= num_nodes ( img ) ;
% Decompose i n t o b l o c k s ; assumes t h a t t h e nn +1: end nodes a r e CEM e l e c t r o d e s
rm = 1 : nn ; % nodes t o f o l d
kp = nn +1: s i z e (Y , 1 ) ; % nodes t o keep
% Now hand l e PEM e l e c t r o d e s , by t r a n s f e r r i n g nodes between t h e rm and e l s e t s
f o r i = 1 : l e n g t h ( img . fwd_model . e l e c t r o d e )
e l = img . fwd_model . e l e c t r o d e ( i ) ;
i f l e n g t h ( e l . nodes ) == 1 %i f e l e c t r o d e s a r e j u s t p o i n t s
rm ( rm == e l . nodes ) = [ ] ; %remove t h o s e p o i n t s from rm
kp ( end +1) = e l . nodes ; %and add them to t h e e l e c t r o d e p a r t
end
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end
% Note : C = B’ . . . we don ’ t need t o c a l c u l a t e i t f o r symmet r i c m a t r i c e s
A = Y( rm , rm ) ; B= Y( rm , kp ) ; D = Y( kp , kp ) ;
%Dprime = D − B’* inv (A)*B ;
Dprime = D − B ’ /A*B;
o = [ ] ;
end

f u n c t i o n ou t = n e t l i s t ( Dprime , name , f )
nn = s i z e ( Dprime , 1 ) ;
ndr = f l o o r ( log10 ( nn *( nn−1 ) / 2 ) )+1 ; % number o f d i g i t s f o r r e s i s t o r s
nde = f l o o r ( log10 ( nn ) ) + 1 ; % number o f d i g i t s f o r e l e c t r o d e s
s t r = [ ’ . s u b ck t ’ name ] ;
f o r i i = 1 : nn
s t r = [ s t r s p r i n t f ( [ ’ %’ num2s t r ( nde ) ’d ’ ] , i i ) ] ;
end
ou t = { s t r } ;
%s t r = [ ’R%’ num2s t r ( ndr ) ’ d %’ num2s t r ( nde ) ’ d %’ num2s t r ( nde ) ’ d %s ’ ] ;
s t rR = [ ’R%d %’ num2s t r ( nde ) ’ d %’ num2s t r ( nde ) ’ d %s ’ ] ;
s t rC = [ ’C%d %’ num2s t r ( nde ) ’ d %’ num2s t r ( nde ) ’ d %s ’ ] ;
s t r L = [ ’L%d %’ num2s t r ( nde ) ’ d %’ num2s t r ( nde ) ’ d %s ’ ] ;
r r =1 ;
cc =1;
l l =1 ;
f o r i i = 1 : nn
f o r j j = ( i i + 1 ) : nn
% R= r e a l (−1/Dprime ( i i , j j ) ) ;
R=1/ r e a l (−Dprime ( i i , j j ) ) ;
valR = s p r i n t f ( ’%3.12g ’ ,R ) ;
ou t ( end +1 ,1 ) = { s t r r e p ( s p r i n t f ( s t rR , r r , i i , j j , valR ) , ’ + ’ , ’ ’ ) } ; % we s t r i p ’+ ’
r r = r r +1 ;
% CN=imag (−1/Dprime ( i i , j j ) ) / ( 2 * p i * f ) ;
CN= 1 / ( 1 / imag(−Dprime ( i i , j j ) ) ) ;
i f CN>=0
% C=CN;
C=CN/ ( 2 * p i * f ) ;
valC = s p r i n t f ( ’%3.12g ’ ,C ) ;
ou t ( end +1 ,1 ) = { s t r r e p ( s p r i n t f ( s t rC , cc , i i , j j , valC ) , ’ + ’ , ’ ’ ) } ; % we s t r i p ’+ ’
cc=cc +1;
e l s e
% L=−CN;
L=−1/(CN*2* p i * f ) ;
va lL = s p r i n t f ( ’%3.12g ’ , L ) ;
ou t ( end +1 ,1 ) = { s t r r e p ( s p r i n t f ( s t rL , l l , i i , j j , va lL ) , ’ + ’ , ’ ’ ) } ; % we s t r i p ’+ ’
l l = l l +1 ;
end
end
end
ou t ( end +1 ,1 ) = { ’ . ends ’ } ;
end

f u n c t i o n u n i t _ t e s t ( )
fmdl = mk_common_model ( ’ a2s ’ , 8 ) ;
img = mk_image ( fmdl , 1 ) ;
e i t _ s p i c eRC ( img , ’ e i t 2 ’ )
end

%%%%===========================================
f u n c t i o n [ img , e l e c _ po s ]= c rea t e_Forw_mode l (N, o b j e c t s , symmetry , Rel , e l e c _ po s )
%Rel =0 . 0 5 ;
i f s t r cmp ( symmetry , ’ Asymmetric ’ )
i f n a rg i n <5
h e i g h t = randn ( 1 ) * 0 . 1 + 1 ;
f o r i =1 : l e n g t h ( o b j e c t s )
ox= o b j e c t s { i } ( : , 1 ) ;
oy= o b j e c t s { i } ( : , 2 ) ;
mx=mean ( ox ) ;
my=mean ( oy ) ;
oxm=ox−mx;
oym=oy−my;
oxmn=oxm* ( 0 . 1 * randn ( 1 ) + 1 ) ;
oymn=oym* ( 0 . 1 * randn ( 1 ) + 1 ) ;
oxmnm=oxmn+mx ;
oymnm=oymn+my ;
ob j e c t s n ew { i }=[oxmnm oymnm ] ;
a n g l e s =90:−360/N:−270;
neg= f i n d ( ang l e s <0 ) ;
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a n g l e s ( neg )= a n g l e s ( neg )+360 ;
a n g l e s = a n g l e s ( 1 : end−1);
a ng l e s _dev= a n g l e s . * ( 0 . 0 3 * ( r and ( 1 ,N)−0 .5 )+1) ;
e l e c_ z_dev =0 . 5* ( 0 . 0 5* randn ( 1 ,N)+1)+ z e r o s ( 1 , l e n g t h ( a n g l e s ) ) ;
e l e c _ po s =[ ang l e s _dev ; e l e c_ z_dev ] ’ ;
end
e l s e
h e i g h t =1;
ob j e c t s n ew= o b j e c t s ;
f p r i n t f ( ’ e l e c t r o d e p o s i t i o n s d e f i n e d as i n p u t \ n ’ )
end

e l s e
h e i g h t =1;
ob j e c t s n ew= o b j e c t s ;
e l e c _ po s = [ N, % number o f e l e c s pe r p l a n e
1 , % e q u i d i s t a n t s p a c i n g
0 . 5 ] ’ ;
end
shape = { he i gh t , % h e i g h t

ob j ec t snew , % con t o u r s
%no rma l l y [ 4 , 5 0 ] ,
[ 4 , 5 0 ] , % per fo rm smooth ing wi th 50 p o i n t s
%1,
0 . 0 4 } ; % sma l l maxh ( f i n e mesh )

%no rma l l y : maxh==0.04
% e l e c _po s = [ N, % number o f e l e c s pe r p l a n e
% 1 , % e q u i d i s t a n t s p a c i n g
% 0 . 5 ] ’ ; % a s i n g l e z−p l a n e

e l e c _ s h a p e = [ Rel , % r a d i u s
0 , % c i r c u l a r e l e c t r o d e
0 . 01 ] ’ ; % maxh ( e l e c t r o d e r e f i n emen t )
%no rma l l y : maxh==0.01
fmdl = ng_mk_extruded_model ( shape , e l e c_pos , e l e c _ s h a p e ) ;
% t h i s s i m i l a r model i s a l s o a v a i l a b l e a s :
% fmdl = mk_ l i b r a ry_mode l ( ’ a du l t _ma l e _16 e l _ l u ng s ’ ) ;

[ s t im , meas_se l ] = mk_ s t im_pa t t e r n s (N, 1 , [ 0 , 1 ] , [ 0 , 1 ] , { ’ no_meas_cu r r en t ’ } , 1 ) ;
fmdl . s t i m u l a t i o n = s t im ;

img=mk_image ( fmdl , 1 ) ;
% img . e l em_da t a ( : ) = 0 . 3 5 ;
% img . e l em_da t a ( img . fwd_model . mat_ idx {2})= 0 .1812 + 0 .0101 i ; % r l u n g
% img . e l em_da t a ( img . fwd_model . mat_ idx {3})= 0 .1812 + 0 .0101 i ; % l l u n g
% img . e l em_da t a ( img . fwd_model . mat_ idx {4})= 0 . 1+0 . 002 i ; % s p o n d i l u s
% img . e l em_da t a ( img . fwd_model . mat_ idx {5})= 0 . 5+0 .0025 i ; % h e a r t

show_fem ( img ) ; view ( 0 , 7 0 ) ;
o = [ ] ;
end

%%%==============================================
f u n c t i o n [ Ampl i tudes , Real , Imag , Phases , Vo l t a g eCe l l ]= Get_Sp ice_Measurement s (N, s k i p c u r r , s k i p v o l t , f ,RESADC, fSample , s u b j e c t f i l e , E l e c t r o d e_po s , C i r c u i t _ E l e c t r o d e s , e l e c t r o d e _ s i z e , de skpa th , Noise , No fS inePe r i od s ,VADC, c a s e t e s t , g e t c e l l , s h ow_ t r a n s i e n t )

sw i t c h c a s e t e s t
c a s e ’ Tho rac i c ’
%con f i rm e l e c t r o d e s i z e c h a r s
sw i t c h e l e c t r o d e _ s i z e
c a s e ’005 ’
s i z e l = ’ ’ ;
o t h e rw i s e
s i z e l = ’ _Rel =003 ’ ;
end
f i l em e a s =[ d e s kp a t h num2s t r ( f / 1 0 00 ) , ’ k \ P t _B r i g h t \ ’ , C i r c u i t _ E l e c t r o d e s , ’ \ ’ , s u b j e c t f i l e , . . .
’ _ ’ , E l e c t r o d e_po s , ’ _ ’ , C i r c u i t _ E l e c t r o d e s , ’ _ ’ , ’ NonBalancedCaps ’ , ’ _w i t h_ sk in ’ , s i z e l , ’ . t x t ’ ] ;
c a s e ’Tank ’
f i l em e a s =[ d e s kp a t h ’ TankConf \ ’ s u b j e c t f i l e ’ . t x t ’ ] ;
o t h e rw i s e
e r r o r ( ’ Under Update ’ )
end
%==========================================================================
%1. Get Sp i c e Data
%open Times and T r a n s i e n t Sp i c e f i l e s
f i l e T im e s =[ d e skpa t h ’ Times \ Times_ ’ , num2s t r (N) , ’ _sk ip − ’ , . . .
num2s t r ( s k i p c u r r ) , ’ _sk ip −’, num2s t r ( s k i p v o l t ) , ’ _ ’ , num2s t r ( f / 1 0 00 ) , ’ kHz . t x t ’ ] ;
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Times=dlmread ( f i l eT ime s , ’ \ t ’ , 0 , 0 ) ;

Va lues=dlmread ( f i l emea s , ’ \ t ’ , 1 , 0 ) ;
%Sp i ce T r a n s i e n t P o i n t s
S p i c e _T r a n s i e n t _Vou t p u t =Values ( : , 2 ) ;
S p i c e _ T r a n s i e n t _ I o u t p u t =Values ( : , 3 ) ;
S p i c e _T r a n s i e n t _T imepo i n t s =Values ( : , 1 ) ;

%==========================================================================
%2. I n i t i a l i z e DAQ and some o t h e r s p e c s
%2A. DAQ Specs
%ADC Vol t age Swing
% VADC=3 . 3 ;
%LEAST SIGNIFICANT BITS
LSB=0;
%ADC ENOB
ACTUALRESADC=RESADC−LSB ;
%Number o f p e r i o d s pe r window used f o r IQ
NT=No fS i n ePe r i od s ;

%2B . Se t t h e number o f v o l t a g e measurements pe r c u r r e n t s o u r c e e l e c t r o d e
%p o s i t i o n
i f s k i p c u r r == s k i p v o l t
meas=N−3;
e l s e
meas=N−4;
end

%==========================================================================
%3. P l a c e t h e Sp i c e t r a n s i e n t p o i n t s i n t h e c o r r e s p o nd i n g measurement window
%3A. I n i t i a l i z e t h e Sp i c e t r a n s i e n t p o i n t s pe r measurement m a t r i c e s
po i n t _pe r_mea su r emen t = round ( fSample * ( 5 / f ) ) + 1 ;
Vou t_samples_pe rmeasuremen t= z e r o s (N*meas , po i n t _pe r_mea su r emen t ) ;
I ou t _ s amp l e s_pe rmea su r emen t = z e r o s (N*meas , po i n t _pe r_mea su r emen t ) ;

%run loop i n measurements t o p r o p e l y comp le t e t h o s e ma t r i c e s
%s e t a c o u n t e r ( i i )
i i =1 ;
Vo l t a g eCe l l ={} ;
f o r c u r r e n t s o u r c e =1:N
f o r vo l t a gemea su r emen t =1: meas
%t h e Times ma t r i x i s p recomputed and i n d i c a t e s when t o s t a r t and
%s t o p each measu r ing window ( a vo i d i n g t r a n s i e n t e f f e c t s )
%Times i s d i f f e r e n t f o r each f r e qu en cy and measu r ing p a t t e r n

%3.B . Se t t h e s t a r t and s t o p t ime s f o r t h i s measu r ing window
%( i i t h ) : When t o s t a r t and s t o p g e t t i n g Sp i ce t r a n s i e n t p o i n t s
%to comple t e t h e i t h measure
T s t a r t =Times (2* i i −1 ,1);
Ts top=Times (2* i i , 1 ) ;

%3.C . f i n d t h e c o r r e s p o nd i n g i n d i c e s o f s p i c e t im e p o i n t s t h a t a r e
%i n c l u d e d i n t h e i n t e g r a l [ T s t a r t , Ts top ]
i n d i c e s _ o f _ s p i c e p o i n t s = f i n d ( Sp i c e _T r a n s i e n t _T imepo i n t s >= T s t a r t&Sp i c e _T r a n s i e n t _T imepo i n t s <=Ts top ) ;
%add a l a s t i n d i c e , +1 from t h e p r e v i o u s l a s t
l a s t = i n d i c e s _ o f _ s p i c e p o i n t s ( end ) ;
i n d i c e s _ o f _ s p i c e p o i n t s =[ i n d i c e s _ o f _ s p i c e p o i n t s ; l a s t + 1 ] ;

%3.D. Get t h e c o r r e s p o n d i n g v a l u e s o f Vo l t age ( and c u r r e n t ) o u t p u t s from
%th e Sp i c e t r a n s i e n t s t h a t a r e i n [ T s t a r t , Ts top ] . Do same f o r
%Sp i ce t r a n s i e n t T imepo in t s

Vo l t a g e_Sp i c e_ t r a n s i e n t _Window=Sp i c e _T r a n s i e n t _Vou t p u t ( i n d i c e s _ o f _ s p i c e p o i n t s ) ;
Cu r r e n t _Sp i c e _ t r a n s i e n t _Window= S p i c e _ T r a n s i e n t _ I o u t p u t ( i n d i c e s _ o f _ s p i c e p o i n t s ) ;
Spice_Timepoints_Window=Sp i c e _T r a n s i e n t _T imepo i n t s ( i n d i c e s _ o f _ s p i c e p o i n t s ) ;

%3.E . Add t h e precomputed n o i s e t o them :
%Noise t o t h e Vo l t age o u t p u t
No i s e s i g n a l = add_wh i t e _no i s e ( l e n g t h ( Vo l t a g e_Sp i c e_ t r a n s i e n t _Window ) , Noise ) ;
i f g e t c e l l ==1
Vo l t a g eCe l l { end+1}= Vo l t a g e_Sp i c e_ t r a n s i e n t _Window ;
end
No i sy_Vo l t ag e_Sp i c e_ t r an s i en t _Window=Vo l t a g e_Sp i c e_ t r a n s i e n t _Window+No i s e s i g n a l ;
%Noise t o t h e Cu r r e n t o u t p u t ( h e r e we j u s t add awgn of 70−90dB )
No i s y_Cu r r en t _Sp i c e_ t r a n s i e n t _Window=awgn ( Cu r r en t _Sp i c e_ t r a n s i e n t _Window , 7 0 ) ;
s e l e c t _ i n j = [ 1 , 2 , 3 , 4 , 5 , 6 , 7 , 8 ] ;
p l o t t r a n s i e n t =1 ;
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% fo r i l s =1 : l e n g t h ( s e l e c t _ i n j )
% %P l o t t h e window i f s e l e c t e d so :
% i f p l o t t r a n s i e n t&&i i == s e l e c t _ i n j ( i l s )
% c u r r e n t s o u r c e p l o t t e d = c u r r e n t s o u r c e ;
% vo l t a g eme a s u r emen t p l o t t e d = vo l t agemea su r emen t ;
% f i g u r e
% s u b p l o t ( 1 , 2 , 1 )
% p l o t ( Spice_Timepoints_Window , No i sy_Vo l t age_Sp i c e_ t r an s i en t _Window )
% T i t l e = t i t l e ( [ ’ Vo l t age T r a n s i e n t S i gna l , Cu r r e n t : ’ num2s t r ( c u r r e n t s o u r c e ) . . .
% ’ Vo l t age : ’ num2s t r ( vo l t a g emea su r emen t ) ] , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;
% T i t l e . Fon tS i z e =16;
% ho ld on
% end
% end

%ADC

%3.F . S ince t h e LT Sp i ce t i m e l i n e does no t have a c o n s t a n t s t e p
%we f i n d t h e n e a r e s t LTsp ice t im e p o i n t s t o t h e t im e p o i n t s we sample !
%i d e a l ADC Samp l epo i n t s
Ideal_ADCSample_Window_timepoints= T s t a r t : 1 / fSample : ( po in t_pe r_measu r emen t −1)/ fSample+ T s t a r t ;
%REPMAT i d e a l ADC Samp l epo i n t s and Sp i c e T imepo in t s o f t h i s Window
%in o r d e r t o be a b l e t o compare them
A = repmat ( Ideal_ADCSample_Window_timepoints ’ , [ 1 l e n g t h ( Spice_Timepoints_Window ) ] ) ;
B= repmat ( Spice_Timepoints_Window , [ 1 l e n g t h ( Ideal_ADCSample_Window_timepoints ) ] ) ;
%f i n d t h e i n d i c e s o f Sp i c e Window Timepo in t s t h a t a r e c l o s e s t t o i d e a l ADC Samp l epo i n t s
[ minValue , c l o s e s t I n d e x ] = min ( abs (A’−B ) ) ;
%ge t t h e c o r r e s p o n d i n g Sp i c e Window Timepo in t s ( Va lues i n s e c ) :
c l o s e s t _ S p i c e _ t im e p o i n t _V a l u e =Spice_Timepoints_Window ( c l o s e s t I n d e x ) ;
%c l o s e s t V a l u e i s t h e Sp i c e Window t im e p o i n t s we a c t u a l l y sample ! ! ! !
%c l o s e s t I n d e x i s t h e i n d i c e s o f Sp i c e t im e p o i n t s we sample ! ! !
%so . . .

%3.G. Get t h e Vo l t age and Cu r r e n t v a l u e s t h a t a r e t o be sampled
No i sy_Vo l t ag e_Sp i c e_ t r an s i en t _Window =(10+0 .05* randn ( 1 ) ) * ( No i sy_Vo l t age_Sp i c e_ t r an s i en t _Window−mean ( No i sy_Vo l t ag e_Sp i c e_ t r an s i en t _Window ) )+VADC/ 2 ;
Vou t_samples_pe rmeasuremen t ( i i , : ) = No i sy_Vo l t ag e_Sp i c e_ t r an s i en t _Window ( c l o s e s t I n d e x ) ;
I ou t _ s amp l e s_pe rmea su r emen t ( i i , : ) = No i s y_Cu r r en t _Sp i c e_ t r a n s i e n t _Window ( c l o s e s t I n d e x ) ;
%and we go t t h e sample s ! ! !
%p l o t them on t h e t r a n s i e n t scheme i f s e l e c t e d
hh = f i n d o b j ( ’ type ’ , ’ f i g u r e ’ ) ;
nn = l e n g t h ( hh ) ;
i f s h ow_ t r a n s i e n t ==1
f o r i l s =1 : l e n g t h ( s e l e c t _ i n j )
i f p l o t t r a n s i e n t&&i i == s e l e c t _ i n j ( i l s )
c u r r e n t s o u r c e p l o t t e d ( i l s )= c u r r e n t s o u r c e ;
v o l t a g eme a s u r emen t p l o t t e d ( i l s )= vo l t agemea su r emen t ;
f i g u r e ( nn +1)
nno=nn +1;
s u b p l o t ( 1 , 2 , 1 )
p l o t ( Spice_Timepoints_Window , No i sy_Vo l t ag e_Sp i c e_ t r an s i en t _Window )
T i t l e = t i t l e ( [ ’ Vo l t age S igna l , Cu r r e n t : ’ num2s t r ( c u r r e n t s o u r c e ) . . .
’ Vo l t age : ’ num2s t r ( vo l t a g emea su r emen t ) ] , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;
T i t l e . Fon tS i z e =16;
ho ld on
p l o t ( c l o s e s t _ S p i c e _ t im e p o i n t _Va l u e , Vou t_samples_pe rmeasuremen t ( i i , : ) , ’ r * ’ , ’ MarkerSize ’ , 1 0 )
ho ld on
xl im ( [ min ( Spice_Timepoints_Window ) max ( Spice_Timepoints_Window ) ] ) ;
YL1= y l a b e l ( ’ Vo l t age ( $V$ ) ’ , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;
YL1 . Fon tS i z e =14;
XL1= x l a b e l ( ’ Time ( $s$ ) ’ , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;
XL1 . Fon tS i z e =14;
LL= l egend ({ ’ Vol tage ’ , ’ Non−Quan t i z ed Samples ’ } ) ;
LL . Fon tS i z e =12;
g r i d on
a t t = gca ;
a t t . F on tS i z e = 12 ;
end
end
end
i i = i i +1 ;
end
end

%==========================================================================
%4. ADC Sample and q u a n t i z a t i o n
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%4A. s e t each Vo l t age o u t p u t window in t h e ADC vo l t a g e swing r ange
%( t h i s can be done wi th t h e f i l t e r and t h e ADC d r i v e r )
% Vou t_sample s_pe rmeasu remen t_ ranged = ( ( Vout_samples_permeasurement − . . .
% mean ( mean ( Vou t_samples_pe rmeasuremen t ) ) ) ) *VADC+VADC/ 2 ;
Vou t_sample s_pe rmeasu remen t_ ranged=Vout_samples_pe rmeasuremen t ;
%check and r e r a n g e i f any v o l t a g e i s <0 ( ou t o f ADC’ s r ange ) :
wh i l e ~ i s emp ty ( Vou t_samp le s_pe rmeasu remen t_ ranged ( Vou t_samples_pe rmeasu remen t_ ranged <=0) )
Vou t_sample s_pe rmeasu remen t_ ranged =0.8* Vou t_sample s_pe rmeasu remen t_ ranged +0 . 3 ;
end
%c u r r e n t measurements a r e a l r e a d y i n ADC vo l t a g e swing r ange !

%4.B . q u a n t i z e sampled v a l u e s
Vou t_ s amp l e s_pe rmea su r emen t_quan t i z ed= round ( Vou t_samp le s_pe rmeasu remen t_ ranged /VADC*(2^RESADC−1)) ;
I o u t _ s amp l e s _p e rmea s u r emen t _qu an t i z e d = round ( I ou t _ s amp l e s_pe rmea su r emen t /VADC*(2^RESADC−1)) ;

%4.C . c r e a t e t h e s i n i n p u t s i g n a l ( p l u s 90 d eg r e e s )
I o u t _ s i n u s _ s amp l e s _ p e rme a s u r emen t _ qu a n t i z e d = I ou t _ s amp l e s _p e rmea s u r emen t _qu an t i z e d ( : , round ( fSample / f / 4 ) + 1 : end ) ;

%4.D. t a k e t h e sampled and q u a n t i z e d s i g n a l s t o b i n a r y form
Vou t_ s amp l e s_pe rmea su r emen t _quan t i z ed_b i n a r y =dec2b in ( Vou t_ s amp l e s_pe rmea su r emen t_quan t i z ed ) ;
I o u t _ s amp l e s _ p e rme a s u r emen t _ qu a n t i z e d _b i n a r y =dec2b in ( I o u t _ s amp l e s _p e rmea s u r emen t _qu an t i z e d ) ;
I o u t _ s i n u s _ s amp l e s _ p e rme a s u r emen t _ q u a n t i z e d _ b i n a r y =dec2b in ( I o u t _ s i n u s _ s amp l e s _ p e rme a s u r emen t _ qu a n t i z e d ) ;

%4.E . throw ou t no i s y LSB
Vou t _ s amp l e s _pe rmea su r emen t _quan t i z ed_b i n a r y_ r educ ed=Vou t _ s amp l e s_pe rmea su r emen t _quan t i z ed_b i n a r y ( : , 1 : end−LSB ) ;
I o u t _ s amp l e s _ p e rme a s u r emen t _ qu an t i z e d _b i n a r y _ r e du c e d = I o u t _ s amp l e s _ p e rme a s u r emen t _ qu a n t i z e d _b i n a r y ( : , 1 : end−LSB ) ;
I o u t _ s i n u s _ s amp l e s _ p e rme a s u r emen t _ q u a n t i z e d _ b i n a r y _ r e d u c e d = I o u t _ s i n u s _ s amp l e s _ p e rme a s u r emen t _ q u a n t i z e d _ b i n a r y ( : , 1 : end−LSB ) ;

%4.G. t a k e t h e s i g n a l s i n dec ima l form
%ou t p u t v o l t a g e
Vou t _ s amp l e s_pe rmea su r emen t_quan t i z ed_dec ima l _ r educed = . . .
r e s h a p e ( b i n2dec ( Vou t _ s amp l e s _pe rmea su r emen t _quan t i z ed_b i n a r y_ r educ ed ) , . . .
[N*meas s i z e ( Vou t_samples_pe rmeasu remen t_ ranged , 2 ) ] ) ;
%ou t p u t c u r r e n t cos
I o u t _ s amp l e s _p e rmea s u r emen t _qu an t i z e d_d e c ima l _ r e du c ed = . . .
r e s h a p e ( b i n2dec ( I o u t _ s amp l e s _ p e rme a s u r emen t _ qu an t i z e d _b i n a r y _ r e du c e d ) , . . .
[N*meas s i z e ( I ou t _ s amp l e s _pe rmea su r emen t _quan t i z e d , 2 ) ] ) ;
%ou t p u t c u r r e n t s i n
I o u t _ s i n u s _ s amp l e s _ p e rme a s u r emen t _ qu a n t i z e d _d e c ima l _ r e d u c e d = . . .
r e s h a p e ( b i n2dec ( I o u t _ s i n u s _ s amp l e s _ p e rme a s u r emen t _ q u a n t i z e d _ b i n a r y _ r e d u c e d ) , . . .
[N*meas s i z e ( I o u t _ s i n u s _ s amp l e s _p e rmea s u r emen t _qu an t i z e d , 2 ) ] ) ;

%4.H. t a k e t h e i n t e g e r number o f p e r i o d s s e l e c t e d ( [ 1 , 4 ] )
Vou t _ s amp l e s _ q u a n t i z e d _ f i n a l =Vou t_ s amp l e s_pe rmea su r emen t_quan t i z ed_dec ima l _ r educed ( : , 1 : round (NT* fSample / f ) + 1 ) ;
I o u t _ s amp l e s _ q u a n t i z e d _ f i n a l = I ou t _ s amp l e s _p e rmea s u r emen t _qu an t i z e d_d e c ima l _ r e du c ed ( : , 1 : round (NT* fSample / f ) + 1 ) ;
I o u t _ s i n u s _ s amp l e s _ q u a n t i z e d _ f i n a l = I o u t _ s i n u s _ s amp l e s _ p e rme a s u r emen t _ qu a n t i z e d _d e c ima l _ r e d u c e d ( : , 1 : round (NT* fSample / f ) + 1 ) ;

%p l o t i f d e s i r e d
i f s h ow_ t r a n s i e n t ==1
i f p l o t t r a n s i e n t
f o r i l s =1 : l e n g t h ( s e l e c t _ i n j )
f i g u r e ( nno−l e n g t h ( s e l e c t _ i n j )+ i l s )
s u b p l o t ( 1 , 2 , 2 )
p l o t ( Vou t _ s amp l e s _ q u a n t i z e d _ f i n a l ( s e l e c t _ i n j ( i l s ) , : ) , ’− s ’ , ’ MarkerSize ’ , 1 0 , . . .
’ MarkerEdgeColor ’ , ’ red ’ , . . .
’ MarkerFaceColor ’ , [ 1 . 6 . 6 ] )
T i t l e 2 = t i t l e ( [ ’ADC qu a n t i z e d Samples , Cu r r e n t : ’ num2s t r ( c u r r e n t s o u r c e p l o t t e d ( i l s ) ) . . .
’ Vo l t age : ’ num2s t r ( v o l t a g eme a s u r emen t p l o t t e d ( i l s ) ) ] , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;
T i t l e 2 . Fon tS i z e =16;
YL1= y l a b e l ( ’ADC Value ’ , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;
YL1 . Fon tS i z e =14;
XL1= x l a b e l ( ’No of Samples ’ , ’ I n t e r p r e t e r ’ , ’ Latex ’ ) ;
XL1 . Fon tS i z e =14;
g r i d on
a t t = gca ;
a t t . F on tS i z e = 12 ;
end

end
end

%4. I . w r i t e sample s a t v o l t a g e form
Vou t _ s amp l e s _ f i n a l =Vou t _ s amp l e s _ q u a n t i z e d _ f i n a l *VADC/ ( 2 ^ACTUALRESADC−1);
I o u t _ s amp l e s _ f i n a l = I o u t _ s amp l e s _ q u a n t i z e d _ f i n a l *VADC/ ( 2 ^ACTUALRESADC−1);
I o u t _ s i n u s _ s am p l e s _ f i n a l = I o u t _ s i n u s _ s am p l e s _ q u a n t i z e d _ f i n a l *VADC/ ( 2 ^ACTUALRESADC−1);
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%==========================================================================

%5. I n t e r p o l a t i o n and M u l t i p l i c a t i o n
NN=1;
f o r mm=1:N*meas
%f o r each measu r ing Window :

%5.A. upsampl ing NN p o i n t s
i f NN>1
X=1: l e n g t h ( Vou t _ s amp l e s _ f i n a l ( 1 , : ) ) ;
NY1n=upsampl ing ( Vou t _ s amp l e s _ f i n a l (mm, : ) , X,NN) ;
NY2n=upsampl ing ( I o u t _ s amp l e s _ f i n a l (mm, : ) , X,NN) ;
NY3n=upsampl ing ( I o u t _ s i n u s _ s am p l e s _ f i n a l (mm, : ) , X,NN) ;
e l s e
NY1n=Vou t _ s amp l e s _ f i n a l (mm, : ) ;
NY2n= I o u t _ s amp l e s _ f i n a l (mm, : ) ;
NY3n= I o u t _ s i n u s _ s am p l e s _ f i n a l (mm, : ) ;
end

%5.B . Mu l t i p l y e l emen tw i s e
Cosf_expanded (mm, : ) = ( NY1n−mean (NY1n ) ) . * ( NY2n−mean (NY2n ) ) ;
S in f_expanded (mm, : ) = ( NY1n−mean (NY1n ) ) . * ( NY3n−mean (NY2n ) ) ;
end

%==========================================================================

%6. Act Lowpass matched d i g i t a l f i l t e r , GET IQ

%6.A. Act matched f i l t e r s

% [ C o s f i l t e r e d , b ]= a c t _ l o w p a s s _ f i l t ( Cosf_expanded , fSample , min (950 , l e n g t h ( Cosf_expanded ( 1 , : ) ) ) , 1 0 ) ;
% [ S i n f i l t e r e d , b ]= a c t _ l o w p a s s _ f i l t ( S in f_expanded , fSample , min (950 , l e n g t h ( S in f_expanded ( 1 , : ) ) ) , 1 0 ) ;

%6.B . Get IQ components
Cosf=mean ( Cosf_expanded , 2 ) ;
S i n f =mean ( S in f_expanded , 2 ) ;
Ampl i tudes= s q r t ( Cosf . ^2+ S i n f . ^ 2 ) ;
Rea l=Cosf ;
Imag= S i n f ;
Phase s= a t a n2 ( S in f , Cosf ) ;
end

%%%%================================
f u n c t i o n n o rma l i z e d _ v a l u e s =norma l i ze_meas ( measurements )
%%%%no rma l i z e s t h e measurements be tween −1 and 1
DMAX = max ( abs ( measurements ) ) ;
n o rma l i z e d _ v a l u e s = ( measurements+DMAX) * 2 / ( 2 *DMAX)−1;
end

%%%%================================
f u n c t i o n [ yf , b ]= a c t _ l o w p a s s _ f i l t ( y , Fs , Windowlength , Order )

L= s i z e ( y , 2 ) ;
K= s i z e ( y , 1 ) ;
% t = l i n s p a c e ( 0 ,L / Fs , L ) ;
f c = 100 ;
Wn = ( 2 / Fs )* f c ;
b = f i r 1 ( Windowlength ,Wn, ’ low ’ , k a i s e r ( Windowlength +1 , Order ) ) ;
d e l a y =mean ( g r p d e l a y ( b , Order , Fs ) ) ;
% f v t o o l ( b , 1 , ’ Fs ’ , Fs )
% t t = t ( 1 : end−round ( d e l a y * 1 . 5 ) ) ;
%
f o r k =1:K
y1 ( k , : ) = f i l t e r ( b , 1 , y ( k , : ) ) ;
%yf ( k , : ) = y1 ( k , round ( d e l a y ) +1 : end ) ;
y f ( k , : ) = y1 ( k , end−50:end ) ;
end
end

%%%%================================
f u n c t i o n Rand= add_wh i t e _no i s e (L , Arms )
Rand=Arms* s q r t ( 2 ) * randn (L , 1 ) ;
end

%%%%================================
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f u n c t i o n SNRmean=Calcu la te_SNR ( Vo l t a g eCe l l , Lb i t s , Vref ,NT, f , f s , Noise )
%%computes DU model SNR
%%%%In p u t s :
%%%−Vo l t a g eCe l l : a c e l l a r r a y c o n s i s t e d o f SPICE t r a n s i e n t v o l t a g e measurements r e s u l t s
%%%−Lb i t s : ADC Re s o l u t i o n
%%%−Vref : ADC r e f e r e n c e
%%%−NT: s i n e p e r i o d s sampled
%%%−f : i n p u t s i g n a l f r e qu en cy
%%%−f s : s amp l ing f r e qu en cy
%%%−Noise : Noise s i g n a l amp l i t u d e

%%%Outpu t s :
%%%−SNRmean : Mean s i g n a l SNR of t h e measurement f rame
LM= l e n g t h ( Vo l t a g eCe l l ) ;
A= z e r o s (LM, 1 ) ;
f o r i i =1 :LM
A( i i )=max ( Vo l t a g eCe l l { i i })−min ( Vo l t a g eCe l l { i i } ) ;
end
LSB=Vref / ( 2 ^ L b i t s ) ;
sn=Noise / s q r t ( 2 ) ;
N=NT* f s / f ;
SNR=10* log10 ( ( mean (A) . ^ 2 *N / 2 ) / ( LSB^2/12+ sn ^ 2 ) ) ;
SNRmean=mean (SNR ) ;
end

9.3 Code for twodimensional timevariant thoracicmodelingwith FEMM

This code for [192] can be found in:
https://github.com/chdim100/Dynamic-Thoracic-Model-for-EIT.

%Tes t_Dynamic_mode l_ s c r i p t .m
%%===============================
pa t h = ’C : p a t h _ t o _ f o l d e r ’ ;
p a t h 2 e i d o r s = ’C : p a t h _ t o _ e i d o r s ’ ;
p a t h s ={ pa th , p a t h 2 e i d o r s } ;

%%%%Measurement P a r ame t e r s

%No of e l e c t r o d e s
N=16;
%c u r r e n t sk ip−m
s k i p c u r r =0;
%vo l t a g e sk ip−n
s k i p v o l t =0 ;
%ac c u r r e n t f r e qu en cy (Hz ) , f =200kHz
f =200000;
%t o t a l s imu l a t e d image f r ames
t o t a l _ f r am e s =30;
%f rames pe r second
f p s =10;
%ac c u r r e n t amp l i t u d e
Cu r r en t _Amp l i t ude =0 . 001 ; %Amperes
%pack measurement p a r ame t e r s
Measurement_params =[N s k i p c u r r s k i p v o l t f t o t a l _ f r am e s f p s Cu r r en t _Amp l i t ude ] ;

%%%%Model P a r ame t e r s

b r e a t h _ t im e =3; %seconds
Z e l e c t r o d e s ( : , 1 ) = 0 . 0 2 * ( randn (N, 1 ) * 0 . 1 + 1 ) ;
Z e l e c t r o d e s ( : , 2 ) = 3 0 0 * ( randn (N, 1 ) * 0 . 3 + 1 ) ;
d e l e c = 0 . 5 ; %e l e c t r o d e _w i d t h ( cm)
r a n d om_ s t a r t =0 ;
r a ndom_s t a t e =0;
%d e f l a t e d lung c o n d u c t i v i t y a t 200kHz ~0 .25S /m [ ]
%i n f l a t e d lung c o n d u c t i v i t y a t 200kHz ~0 .1S /m [ ]
s l a i rm a x =0 . 2 5 ; %(S /m)
end_Admi t t ance s ( 1 )= s l a i rm ax ;
s l a i r m i n = 0 . 1 ; %(S /m)
end_Admi t t ance s ( 2 )= s l a i r m i n ;
%blood cyc l e−r e l a t e d c o n d u c t i v i t y v a r i a n c e i n l ung s ~0 .008S /m (10−20 t ime s
%l e s s t h an a i r−r e l a t e d [ ] )
d s l b l o o d =0 . 008 ; %(S /m)

https://github.com/chdim100/Dynamic-Thoracic-Model-for-EIT
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end_Admi t t ance s ( 3 )= d s l b l o o d ;

%d e f l a t e d lung p e r m i t t i v i t y a t 200kHz ~4000F /m [ ]
%i n f l a t e d lung p e r m i t t i v i t y a t 200kHz ~2000F /m [ ]
e l a i rmax =4000; %(S /m)
end_Admi t t ance s ( 4 )= e l a i rmax ;
e l a i rm i n =2000; %(S /m)
end_Admi t t ance s ( 5 )= e l a i rm i n ;
%blood cyc l e−r e l a t e d p e r m i t t i v i t y v a r i a n c e i n l ung s ~100 F /m (10−20 t ime s
%l e s s t h an a i r−r e l a t e d [ ] )
d e l b l o od =100;
end_Admi t t ance s ( 6 )= d e l b l o o d ;

%base h e a r t ( champers , a o r t a , no−myocardium ) c o n d u c t i v i t y ~0 .55 S /m a t
%200kHz
Sh e a r t = 0 . 5 5 ; %(S /m)
end_Admi t t ance s ( 7 )= Sh e a r t ;
%base h e a r t ( champers , a o r t a , no−myocardium ) c o n d u c t i v i t y v a r i a t i o n ~0 .025 S /m a t
%200kHz (~15−20%)[]
dSh e a r t =0 . 025 ;
end_Admi t t ance s ( 8 )= dShe a r t ;

%base h e a r t ( champers , a o r t a , no−myocardium ) c o n d u c t i v i t y ~6000 F /m a t
%200kHz
Ehe a r t =6000;
end_Admi t t ance s ( 9 )= Ehe a r t ;
%base h e a r t ( champers , a o r t a , no−myocardium ) p e r m i t t i v i t y v a r i a t i o n ~300 S /m a t
%200kHz (~15−20%)[]
dEhea r t =300;
end_Admi t t ance s (10 )= dEhea r t ;

%HR
bpm=75;
%Co l l a p s i o n s s t a t e s f o r L e f t and R igh t l ung . From 1 , which d eno t e s an 20%
%lung c o l l a p s i o n t o 4 which d eno t e s a h e a l t h y lung .
Col lapse_LL =1;
Col lapse_RL =3;

Col lapse_LL =4;
Col lapse_RL =4;
%pack model p a r ame t e r s
Model_params =[ end_Admi t t ance s b r e a t h _ t im e d e l e c bpm Col lapse_LL Col lapse_RL ] ;

%%%% c a l l t h e model c o n s t r u c t o r
[M, Gr , P a t i e n t _ l a b e l e d _ d a t a ]= Dynamic_Thorax_Imaging ( Measurement_params , . . .
Model_params , Z e l e c t r o d e s , r a ndom_s t a r t , r andom_s t a t e , p a t h s ) ;

%%%%%Re f e r e n c e s

%%%%=====================================================
f u n c t i o n [M, Gr , P a t i e n t _ l a b e l e d _ d a t a ]= Dynamic_Thorax_Imaging ( Measurement_params , Model_params , Z e l e c t r o d e s , r a ndoms t a r t , randomcond , p a t h s )
%%%Imp l emen t a t i o n o f t h e Dynamic Tho r a c i c Model f o r EIT
%%%Cr e a t e s a . l u a s c r i p t , t o be ex e cu t e d i n FEMM
%%%Au t oma t i c a l l y pauses , u n t i l FEMM pe r fo rms t h e EM s imu l a t i o n o r d e r e d f o r
%%%th e . l u a
%%%Co l l e c t s t h e EIT p o t e n t i a l measurements

%I n p u t s :
%Measurement_params : p a r ame t e r s t h a t d e f i n e t h e measu r ing p r o p e r t i e s :
%−N: t h e number o f e l e c t r o d e s ( s i n g l e l a y e r )
%−c u r r e n t s k i p : sk ip−m c u r r e n t p r o t o c o l
%−v o l t a g e s k i p : sk ip−n v o l t a g e measurement p r o t o c o l
%−f r e qu en cy : i n j e c t e d ac c u r r e n t f r e qu en cy ( i n Hz )
%−t o t a l _ f r am e s : t o t a l image f r ames t o be s imu l a t e d
%−f p s : measurement f r ames pe r second
%−Cu r r e n t : I n j e c t e d ac c u r r e n t ’ s Ampl i tude

%Model_params : p a r ame t e r s t h a t d e f i n e t h e measu r ing p r o p e r t i e s :
%1. end_Admi t t ance s : i n c l u d e s t h e i n s p i r a t i o n / e x p i r a t i o n−end
%c o n d u c t i v i t i e s and p e r m i t t i v i t i e s o f each t i s s u e
%−d e f l a t e d lung c o n d u c t i v i t y ( S /m) end_Admi t t ance s ( 1 )
%−i n f l a t e d lung c o n d u c t i v i t y ( S /m) end_Admi t t ance s ( 2 )
%−b lood cyc l e−r e l a t e d c o n d u c t i v i t y v a r i a n c e i n l ung s ( S /m) end_Admi t t ance s ( 3 )
%−d e f l a t e d lung p e r m i t t i v i t y ( F /m) end_Admi t t ance s ( 4 )
%−i n f l a t e d lung p e r m i t t i v i t y ( F /m) end_Admi t t ance s ( 5 )
%−b lood cyc l e−r e l a t e d p e r m i t t i v i t y v a r i a n c e i n l ung s ( F /m) end_Admi t t ance s ( 6 )
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%−base h e a r t ( champers , a o r t a , no−myocardium ) c o n d u c t i v i t y ( S /m) end_Admi t t ance s ( 7 )
%−base h e a r t ( champers , a o r t a , no−myocardium ) c o n d u c t i v i t y v a r i a t i o n
%(S /m) end_Admi t t ance s ( 8 )
%−base h e a r t ( champers , a o r t a , no−myocardium ) c o n d u c t i v i t y ( S /m) end_Admi t t ance s ( 9 )
%−base h e a r t ( champers , a o r t a , no−myocardium ) p e r m i t t i v i t y v a r i a t i o n
%(F /m) end_Admi t t ance s ( 1 0 )
%2. b r e a t h _ t im e ( s econds ) , I n i t i a l B r e a t h i n g Time
%3. d e l e c ( cm ) , t h e e l e c t r o d e s wid th
%4. bpm , I n i t i a l Hea r t Ra te
%5. Col lapse_LL , L e f t Lung Co l l a p s i o n s t a t e (1−4)
%6. Collapse_RL , R igh t Lung Co l l a p s i o n s t a t e (1−4)

%Z e l e c t r o d e s : A 2XN ma t r i x . The f i r s t raw c o n t a i n s each e l e c t r o d e ’ s c o n t a c t
%r e l a t i v e c o n d u c t i v i t y . The second raw c o n t a i n s each e l e c t r o d e ’ s c o n t a c t
%r e l a t i v e p e r m i t t i v i t y .

%r a n dom_ s t a r t : 0 i f s im u l a t i o n s t a r t s from pulmonary and c a r d i a c s t a t e s 1
%( f u l l e x h a l a t i o n and s t a r t o f h e a r t b e a t ) . 1 i f s im u l a t i o n s t a r t s from
%random s t a t e s a t bo th c y c l e s .

%randomcond : i f 1 : b r e a t h i n g t ime s and HR a r e randomly changed eve ry c y c l e and 3
%c y c l e s r e s p e c t i v e l y . E l s e i f 0 : i n i t i a l b r e a t h i n g t ime i s 3 seconds ,
%s i l e n t space i s 0 . 3 s econds and nex t b r e a t h l a s t s +20%. I n i t i a l h e a r t b e a t
%r a t e i s 75bpm and i n c r e a s e s by 3% eve ry 3 b e a t s .

%p a t h s : A c e l l a r r a y . p a t h s {1} d eno t e s t h e d i r e c t o r y t o t h e Bio−l u ng s
%f o l d e r ( ’C : \ . . . . . \ Bio−l u ng s \ ’ )
%pa t h s {2} d eno t e s t h e d i r e c t o r y t o t h e E i do r s l i b r a r y
%(’C : \ . . . . . \ e i d o r s−v3.9−ng \ e i d o r s \ ’ )

%%%%%%%%%%%%

%Outpu t s :
%M: The f i n a l , no i s e−f r e e p o t e n t i a l measurements . Au t oma t i c a l l y saved i n
%C : \ . . . . \ Bio−l u ng s \ Dynamic_Thorax_Model \ Card io−Pulmonary

%Gr : S imu l a t ed a dm i t t a n c e s g raph . A ma t r i x c a l l e d I n p u t _ s e t _ d a t e ( ) i s a u t om a t i c a l l y
%saved i n C : \ . . . . \ Bio−l u ng s \ Dynamic_Thorax_Model \ Card io−Pulmonary

%%%% unpack Measurement_params

N=Measurement_params ( 1 ) ; c u r r e n t s k i p =Measurement_params ( 2 ) ;
v o l t a g e s k i p =Measurement_params ( 3 ) ;
f r e qu en cy =Measurement_params ( 4 ) ;
t o t a l _ f r am e s =Measurement_params ( 5 ) ;
f p s =Measurement_params ( 6 ) ;
Cu r r e n t =Measurement_params ( 7 ) ;

%%%% unpack Model_params
end_Admi t t ance s=Model_params ( 1 : 1 0 ) ;
b r e a t h _ t im e =Model_params ( 1 1 ) ;
d e l e c =Model_params ( 1 2 ) ;
bpm=Model_params ( 1 3 ) ;
Col lapse_LL=Model_params ( 1 4 ) ;
Col lapse_RL=Model_params ( 1 5 ) ;

%%%% unpack Pa t h s
pa t h = p a t h s {1} ;
path2EIDORS= pa t h s {2} ;
p a t h 2 s a v e = p a t h s {1} ;

%s t a r t EIDORS
run ( [ path2EIDORS ’ s t a r t u p .m’ ] )

[ i n i t i a l _ t i m e s , i n i t i a l _ t o t a l _ p o s i t i o n s , C o l l a p s i o n _ a r e a s , e l e c t r o d e s , T i s s ue s , V e n t i l a t i o n , C i r c u l a t i o n , Graph , S i l e n c e s , r , k ] = . . .
s e t _ i n i t i a l _ p a r a m e t e r s (N, fps , t o t a l _ f r am e s , f r equency , b r e a t h _ t ime , de l e c , bpm , Col lapse_LL , Col lapse_RL , end_Admi t t ances , r a ndoms t a r t , randomcond ) ;
c l c
%% lu a
%%%
[ f i l e ID , d , f o l d s ]= o p e n _ s c r i p t ( f r equency , p a t h ) ;
s e t _m a t e r i a l s _ i n _ l u a ( f i l e ID , Cur r en t , T i s s u e s , Z e l e c t r o d e s ) ;
[ Graph , t ime s t e p s , t o t a l _ t i m e _ e s t , H i s t o r y _ o f _T i s s u e s ] = . . .
f r ame_ loop (N, c u r r e n t s k i p , i n i t i a l _ t i m e s , i n i t i a l _ t o t a l _ p o s i t i o n s , . . .
C o l l a p s i o n _ a r e a s , e l e c t r o d e s , S i l e n c e s , f i l e ID , Graph , C i r c u l a t i o n , . . .
V e n t i l a t i o n , T i s s ue s , d , r , k , f r equency , end_Admi t t ances , f o l d s , randomcond ) ;
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[ l e t t e r p l u s , Gr ]= c o n f i g u r e _ g r a p h ( Graph , t o t a l _ f r am e s , fps , t o t a l _ t i m e _ e s t , p a t h 2 s av e ) ;
M=con f i gu r e_mea su r emen t s (N, l e t t e r p l u s , c u r r e n t s k i p , v o l t a g e s k i p , t im e s t e p s , d , pa th2 save , p a t h ) ;
%imageC=thorax_GN_v3 ( 3 2 , 4 , 1 , 0 . 0 2 , Measurements ’ , 0 , 2 , 2 , 2 , 1 , [ ] ) ;
P a t i e n t _ l a b e l e d _ d a t a = c omp l e t e _ p a t i e n t _ l a b e l e d _ d a t a ( Graph , Co l l a p s i o n _ a r e a s , H i s t o r y _ o f _T i s s u e s ) ;
end

f u n c t i o n [ i n i t i a l _ t i m e s , i n i t i a l _ t o t a l _ p o s i t i o n s , C o l l a p s i o n _ a r e a s , e l e c t r o d e s , T i s s ue s , V e n t i l a t i o n , C i r c u l a t i o n , Graph , S i l e n c e s , r , k ] = . . .
s e t _ i n i t i a l _ p a r a m e t e r s (N, fps , t o t a l _ f r am e s , f , b r e a t h _ t ime , de l e c , bpm , Col lapse_LL , Collapse_RL , end_Admi t t ances , r a ndoms t a r t , randomcond )
%d e f i n e s t h e i n i t i a l p a r ame t e r s ( t ime , s t ep , c o l l a p s i o n s , e l e c t r o d e s , t i s s u e _ c o n f i g u r a t i o n , a l l p o s s i b l e p o s i t i o n s , i n i t i a l c y c l e s t a t e s )
i n i t i a l _ t i m e s = d e f i n e _ t im e s (N, fps , t o t a l _ f r am e s , b r e a t h _ t ime , bpm , randomcond ) ;
i n i t i a l _ t o t a l _ p o s i t i o n s = d e f i n e _ t o t a l _ p o s i t i o n s (N, 1 , i n i t i a l _ t i m e s . t im , i n i t i a l _ t i m e s . t b r ) ; %Dy=1
[ C o l l a p s i o n _ a r e a s . c o l l a p s i o n s , C o l l a p s i o n _ a r e a s . c r o s s _ p o i n t s ]= d e f i n e _ c o l l a p s e _ a r e a s ( Col lapse_LL , Col lapse_RL , randomcond ) ;
i n i t i a l _ t i m e s . p u l s e _ du r = (2* ( i n i t i a l _ t o t a l _ p o s i t i o n s . t o t a l _ p o s i t i o n s −1)+1)*( i n i t i a l _ t i m e s . t b r / i n i t i a l _ t i m e s . Tpu l s e )^(−1) ;
i f randomcond
k =0 .95 + (1 .05−0.95)* randn ( 1 , 1 ) ;
e l s e
k =1;
end
[ e l e c t r o d e s . e l e c t r o d e _ a v e r a g e , e l e c t r o d e s . e l e c t r o d e _ p o s s i b l e , . . .
e l e c t r o d e s . d e l e c ]= e l e c t r o d e s _ p r e s e t (N, 1 , i n i t i a l _ t o t a l _ p o s i t i o n s . dy , de l e c , k ) ; %Dy=1
i f randomcond
r =0 .95 + (1 .05−0.95)* randn ( 1 , 1 ) ;
e l s e
r =1 ;
end
[ T i s s u e s . Le f t _ l ung , T i s s u e s . R igh t_ lung , T i s s u e s . Hear t , T i s s u e s . Muscles , T i s s u e s . Bones , r , k ] = . . .
d e f i n e _ t i s s u e s ( r , k , i n i t i a l _ t i m e s , i n i t i a l _ t o t a l _ p o s i t i o n s , 0 , f , end_Admi t t ances , randomcond ) ;
%r e t u r n s t h e i n i t i a l s t a t e s o f b r e a t h i n g and c a r d i a c c y c l e s
%pulmocyc le and c a r d i o _ c y c l e i n d i c a t e t h e p o s i t i o n s o f l u ng s and h e a r t
%pu lmcoun t e r and c a r d c o u n t e r i n d i c a t e whe the r t h ey a r e i n c r e a s i n g or
%d e c r e a s i n g
%p l o t ( T i s s u e s . Bones . Bone3 . shape . f u l l ( : , 1 ) , T i s s u e s . Bones . Bone3 . shape . f u l l ( : , 2 ) )
%ho ld on
%p l o t ( e l e c t r o d e s . e l e c t r o d e _ a v e r a g e . x ( 1 , : ) , e l e c t r o d e s . e l e c t r o d e _ a v e r a g e . y ( 1 , : ) , ’ o ’ )
[ V e n t i l a t i o n . pulmocycle , C i r c u l a t i o n . c a r d i o _ c y c l e , V e n t i l a t i o n . pu lmcoun te r , C i r c u l a t i o n . c a r d c oun t e r , C i r c u l a t i o n . p u l s e _ du r ] = . . .
r andomize ( i n i t i a l _ t i m e s , i n i t i a l _ t o t a l _ p o s i t i o n s , r a n d oms t a r t ) ; %r a n d oms t a r t ==1
Graph= i n i t i a l i z e _ g r a p h ( ) ;
S i l e n c e s = i n i t i a l i z e _ s i l e n c e s ( ) ;
end

f u n c t i o n i n i t i a l _ t i m e s = d e f i n e _ t im e s (N, fps , t o t a l _ f r am e s , b r e a t h _ t ime , bpm , randomcond )
%s e t s s im u l a t i o n t imes , b r e a t h i n g and b lood c y c l e p e r i o d s ( a l l t ime
%pa r ame t e r s )
i n i t i a l _ t i m e s . t im= de f i n e _ f r ame_ t ime (N, f p s ) ;
i n i t i a l _ t i m e s . t b r = d e f i n e _ b r e a t h _ t im e ( b r e a t h _ t ime , randomcond ) ;
i n i t i a l _ t i m e s . t o t a l _ t i m e _ e s t = e s t i m a t e _ t o t a l _ s i m u l a t i o n _ t i m e ( i n i t i a l _ t i m e s . t im , t o t a l _ f r am e s ) ;
i n i t i a l _ t i m e s . Tpu l s e= d e f i n e _ c a r d i a c _ c y c l e _ t im e ( bpm , randomcond ) ;
end

f u n c t i o n t im= de f i n e _ f r ame_ t ime (N, f p s )
%e s t i m a t e s r e q u i r e d t ime f o r a f rame ( i n s econds )
i f N==16 | |N==32
t im =1/ f p s ; %t o t a l t ime f o r a measurement c y c l e
e l s e i f N==64
t im =2; %when u s i ng 64 e l e c t r o d e s sys tem i s t oo slow t o pe r fo rm tdEIT
end
end

f u n c t i o n t b r = d e f i n e _ b r e a t h _ t im e ( b r e a t h _ t ime , randomcond )
%de f i n e d u n i t i a l b r e a t h p e r i o d ( randomly between 2 and 6 seconds )
%un i fo rm d i s t r i b u t i o n s e l e c t i o n
i f randomcond
t b r = rand ( 1 ) * 6 ;
wh i l e t b r <2
t b r = rand ( 1 ) * 6 ; %re−d e f i n e d b r e a t h p e r i o d u n t i l p a s s e s 2 s econds
end
e l s e
t b r = b r e a t h _ t im e ;
end
end

f u n c t i o n t o t a l _ t i m e _ e s t = e s t i m a t e _ t o t a l _ s i m u l a t i o n _ t i m e ( t im , t o t a l _ f r am e s )
%e s t i m a t e s t o t a l s im u l a t i o n t ime , t h a t w i l l NOT change !
t o t a l _ t i m e _ e s t = t im * t o t a l _ f r am e s ;
end

f u n c t i o n Tpu l s e= d e f i n e _ c a r d i a c _ c y c l e _ t im e ( bpm , randomcond )
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%de f i n e s t h e i n i t i a l c a r d i a c f r e qu en cy
i f randomcond
bpm=55+ rand ( 1 ) * 5 5 ; %i n i t i a l Bpm
e l s e
%bpm=75;
end
f p u l s e =bpm / 6 0 ;
Tpu l s e =1/ f p u l s e ;
end

f u n c t i o n i n i t i a l _ t o t a l _ p o s i t i o n s = d e f i n e _ t o t a l _ p o s i t i o n s (N, Dy , t im , t b r )
%i n i t i a l i z e s e l e c t r o d e movement s t e p and t o t a l p o s s i b l e p o s i t i o n s ,
%a c c o r d i n g t o t h e i n i t i a l i z e d b r e a t h i n g t ime
i n i t i a l _ t o t a l _ p o s i t i o n s . dy=2*Dy* t im / (N* t b r ) ; %i n i t i a l i z e s e l e c t r o d e movement s t e p
%t o t a l p o s s i b l e p o s i t i o n s f o r t i s s u e s
i n i t i a l _ t o t a l _ p o s i t i o n s . t o t a l _ p o s i t i o n s = f l o o r (Dy / i n i t i a l _ t o t a l _ p o s i t i o n s . dy +1 ) ;
end

f u n c t i o n [ c o l l a p s i o n s , c r o s s _ p o i n t s ]= d e f i n e _ c o l l a p s e _ a r e a s ( Col lapse_LL , Col lapse_RL , randomcond )
i f randomcond
%randomize c o l l a p s i n g a r e a f o r l e f t l ung
Co l l a p s e _ c a s e s . l e f t _ l u n g = r a n d i ( [ 1 4 ] ) ;
%randomize c o l l a p s i n g a r e a f o r r i g h t l ung
Co l l a p s e _ c a s e s . r i g h t _ l u n g = r a n d i ( [ 1 4 ] ) ;
%deg r e e o f c o l l a s p i o n on l e f t _ l u n g
c o l l a p s i o n s . c o l l a p s i o n _ l e f t _ l u n g = r a n d i (5)−1;
%deg r e e o f c o l l a s p i o n on r i g h t _ l u n g
c o l l a p s i o n s . c o l l a p s i o n _ r i g h t _ l u n g = r a n d i (4)−1;
e l s e
c o l l a p s i o n s . c o l l a p s i o n _ l e f t _ l u n g =Col lapse_LL ;
c o l l a p s i o n s . c o l l a p s i o n _ r i g h t _ l u n g =Col lapse_RL ;
% c o l l a p s i o n s . c o l l a p s i o n _ l e f t _ l u n g =1;
% c o l l a p s i o n s . c o l l a p s i o n _ r i g h t _ l u n g =3;
end
sw i t c h c o l l a p s i o n s . c o l l a p s i o n _ l e f t _ l u n g
ca s e 1
c r o s s _ p o i n t s . l e f t _ l u n g =[4 1 4 ] ;
c a s e 2
c r o s s _ p o i n t s . l e f t _ l u n g =[3 1 4 ] ;
c a s e 3
c r o s s _ p o i n t s . l e f t _ l u n g =[3 1 5 ] ;
c a s e 4
c r o s s _ p o i n t s . l e f t _ l u n g =[2 1 6 ] ;
o t h e rw i s e
c r o s s _ p o i n t s . l e f t _ l u n g =[1 1 6 ] ;
end
sw i t c h c o l l a p s i o n s . c o l l a p s i o n _ r i g h t _ l u n g
ca s e 1
c r o s s _ p o i n t s . r i g h t _ l u n g =[2 1 2 ] ;
c a s e 2
c r o s s _ p o i n t s . r i g h t _ l u n g =[2 1 4 ] ;
c a s e 3
c r o s s _ p o i n t s . r i g h t _ l u n g =[1 1 4 ] ;
o t h e rw i s e
c r o s s _ p o i n t s . r i g h t _ l u n g =[1 1 5 ] ;
end
end

f u n c t i o n [ e l e c t r o d e _ a v e r a g e , e l e c t r o d e _ p o s s i b l e , d e l e c ]= e l e c t r o d e s _ p r e s e t (N, Dy , dy , de l e c , k )
i f N==16
F5=mk_common_model ( ’ d2T3 ’ , 1 6 ) ;
AAAx= z e r o s ( 1 , 1 4 ) ;
BBBx=AAAx;
AAAy= z e r o s ( 1 , 1 4 ) ;
BBBy=AAAx;
f o r i i i =1:14
AAAx(1 , i i i )=F5 . fwd_model . nodes (486+4* i i i , 1 ) ;
BBBx( 1 , i i i )=F5 . fwd_model . nodes (487+4* i i i , 1 ) ;
end
f o r i i i =15:16
AAAx(1 , i i i )=F5 . fwd_model . nodes (478+4*( i i i −14) ,1 ) ;
BBBx( 1 , i i i )=F5 . fwd_model . nodes (479+4*( i i i −14) ,1 ) ;
end

e l e c t r o d e _ a v e r a g e . x =[AAAx;BBBx ] / 5 . 8 ;
f o r i i i =1:14
AAAy(1 , i i i )=F5 . fwd_model . nodes (486+4* i i i , 2 ) ;
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BBBy(1 , i i i )=F5 . fwd_model . nodes (487+4* i i i , 2 ) ;
end
f o r i i i =15:16
AAAy(1 , i i i )=F5 . fwd_model . nodes (478+4*( i i i −14) ,2 ) ;
BBBy( 1 , i i i )=F5 . fwd_model . nodes (479+4*( i i i −14) ,2 ) ;
end
e l e c t r o d e _ a v e r a g e . y =[AAAy;BBBy ] / 5 . 8 ;
d imens ion1= f l o o r (Dy / dy +1 ) ;
e l e c t r o d e _ p o s s i b l e . y1= z e r o s ( d imens ion1 , 7 ) ; e l e c t r o d e _ p o s s i b l e . y2= z e r o s ( d imens ion1 , 7 ) ;
f o r e l =6:12
% e l e c t r o d e _ p o s s i b l e . y1 ( : , e l−5)= e l e c t r o d e _ a v e r a g e . y ( 1 , e l )+Dy/2:−dy : e l e c t r o d e _ a v e r a g e . y ( 1 , e l )−Dy / 2 ;
% e l e c t r o d e _ p o s s i b l e . y2 ( : , e l−5)= e l e c t r o d e _ a v e r a g e . y ( 2 , e l )+Dy/2:−dy : e l e c t r o d e _ a v e r a g e . y ( 2 , e l )−Dy / 2 ;
e l e c t r o d e _ p o s s i b l e . y1 ( : , e l−5)= f l i p ( l i n s p a c e ( e l e c t r o d e _ a v e r a g e . y ( 1 , e l )−Dy / 2 , e l e c t r o d e _ a v e r a g e . y ( 1 , e l )+Dy / 2 , d imens ion1 ) ) ;
e l e c t r o d e _ p o s s i b l e . y2 ( : , e l−5)= f l i p ( l i n s p a c e ( e l e c t r o d e _ a v e r a g e . y ( 2 , e l )−Dy / 2 , e l e c t r o d e _ a v e r a g e . y ( 2 , e l )+Dy / 2 , d imens ion1 ) ) ;
end
% p l o t ( e l e c t r o d e _ a v e r a g e . x ( 1 , 9 ) * ones ( d imens ion1 , 1 ) , e l e c t r o d e _ p o s s i b l e . y1 ( : , 4 ) , ’ o ’ )
% ho ld on
% p l o t ( e l e c t r o d e _ a v e r a g e . x ( 2 , 9 ) * ones ( d imens ion1 , 1 ) , e l e c t r o d e _ p o s s i b l e . y2 ( : , 4 ) , ’ o ’ )
o = [ ] ;

e l s e i f N==32
F5=mk_common_model ( ’ d2T3 ’ , 3 2 ) ;
AAAx= z e r o s ( 1 , 1 4 ) ;
BBBx=AAAx;
AAAy= z e r o s ( 1 , 1 4 ) ;
BBBy=AAAx;
f o r i i i =1:28
AAAx(1 , i i i )=F5 . fwd_model . nodes (488+2* i i i , 1 ) ;
BBBx( 1 , i i i )=F5 . fwd_model . nodes (489+2* i i i , 1 ) ;
end
f o r i i i =29:32
AAAx(1 , i i i )=F5 . fwd_model . nodes (480+2*( i i i −28) ,1 ) ;
BBBx( 1 , i i i )=F5 . fwd_model . nodes (481+2*( i i i −28) ,1 ) ;
end

e l e c t r o d e _ a v e r a g e . x =[AAAx;BBBx ] / 5 . 8 ;
f o r i i i =1:28
AAAy(1 , i i i )=F5 . fwd_model . nodes (488+2* i i i , 2 ) ;
BBBy( 1 , i i i )=F5 . fwd_model . nodes (489+2* i i i , 2 ) ;
end
f o r i i i =29:32
AAAy(1 , i i i )=F5 . fwd_model . nodes (480+2*( i i i −28) ,2 ) ;
BBBy( 1 , i i i )=F5 . fwd_model . nodes (481+2*( i i i −28) ,2 ) ;
end
e l e c t r o d e _ a v e r a g e . y =[AAAy;BBBy ] / 5 . 8 ;
d imens ion1= f l o o r (Dy / dy +1 ) ;
e l e c t r o d e _ p o s s i b l e . y1= z e r o s ( d imens ion1 , 1 5 ) ; e l e c t r o d e _ p o s s i b l e . y2= z e r o s ( d imens ion1 , 1 5 ) ;
f o r e l =10:24
%e l e c t r o d e _ p o s s i b l e . y1 ( : , e l−9)= e l e c t r o d e _ a v e r a g e . y ( 1 , e l )+Dy/2:−dy : e l e c t r o d e _ a v e r a g e . y ( 1 , e l )−Dy / 2 ;
%e l e c t r o d e _ p o s s i b l e . y2 ( : , e l−9)= e l e c t r o d e _ a v e r a g e . y ( 2 , e l )+Dy/2:−dy : e l e c t r o d e _ a v e r a g e . y ( 2 , e l )−Dy / 2 ;
e l e c t r o d e _ p o s s i b l e . y1 ( : , e l−9)= f l i p ( l i n s p a c e ( e l e c t r o d e _ a v e r a g e . y ( 1 , e l )−Dy / 2 , e l e c t r o d e _ a v e r a g e . y ( 1 , e l )+Dy / 2 , d imens ion1 ) ) ;
e l e c t r o d e _ p o s s i b l e . y2 ( : , e l−9)= f l i p ( l i n s p a c e ( e l e c t r o d e _ a v e r a g e . y ( 2 , e l )−Dy / 2 , e l e c t r o d e _ a v e r a g e . y ( 2 , e l )+Dy / 2 , d imens ion1 ) ) ;
end
end
e l e c t r o d e _ a v e r a g e . x=k* e l e c t r o d e _ a v e r a g e . x ;
e l e c t r o d e _ a v e r a g e . y=k* e l e c t r o d e _ a v e r a g e . y ;
e l e c t r o d e _ p o s s i b l e . y1=k* e l e c t r o d e _ p o s s i b l e . y1 ;
e l e c t r o d e _ p o s s i b l e . y2=k* e l e c t r o d e _ p o s s i b l e . y2 ;
o = [ ] ;
end

f u n c t i o n [ Le f t _ l ung , R igh t_ lung , Hear t , Muscles , Bones , r , k ] = . . .
d e f i n e _ t i s s u e s ( r , k , t imes , d i s c r e t e _ p o i n t s , f i r s t t i m e , f , end_Admi t t ances , randomcond , T i s s u e s )
%d e f i n e s t i s s u e s p r o p e r t i e s
i f e x i s t ( ’ T i s s u e s ’ )~=0 %t i s s u e s e x i s t bu t need t o be upda t ed ( end of c y c l e )
%in o r d e r t o be upda t ed we have t o t emp o r a r i l y s t o r e t h e i r p o s i t i o n s
L e f t _ l u n g =T i s s u e s . L e f t _ l u n g ;
pos1=Le f t _ l u n g . p o s i t i o n ;
R i gh t _ l ung=T i s s u e s . R i gh t _ l ung ;
pos2=R igh t _ l ung . p o s i t i o n ;
E x t e r i o r = T i s s u e s . Hea r t . e x t e r i o r ;
pos3a= E x t e r i o r . p o s i t i o n ;
I n t e r i o r = T i s s u e s . Hea r t . i n t e r i o r ;
pos3b= I n t e r i o r . p o s i t i o n ;
Muscles= T i s s u e s . Muscles ;
Bones= T i s s u e s . Bones ;
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pos4=Bones . Bone1 . p o s i t i o n ;
pos5=Bones . Bone2 . p o s i t i o n ;
pos6=Bones . Bone3 . p o s i t i o n ;
pos7=Bones . Bone4 . p o s i t i o n ;
pos8=Bones . Bone5 . p o s i t i o n ;
pos9=Bones . Bone6 . p o s i t i o n ;
pos10=Bones . Bone7 . p o s i t i o n ;
pos11=Bones . Bone8 . p o s i t i o n ;
end
%%%% unpack end_Admi t t ance s
s l a i rm a x =end_Admi t t ance s ( 1 ) ;
s l a i r m i n =end_Admi t t ance s ( 2 ) ;
d s l b l o o d =end_Admi t t ance s ( 3 ) ;
e l a i rmax =end_Admi t t ance s ( 4 ) ;
e l a i rm i n = end_Admi t t ance s ( 5 ) ;
d e l b l o o d =end_Admi t t ance s ( 6 ) ;
S h e a r t = end_Admi t t ance s ( 7 ) ;
dSh e a r t = end_Admi t t ance s ( 8 ) ;
Eh e a r t = end_Admi t t ance s ( 9 ) ;
dEhea r t = end_Admi t t ance s ( 1 0 ) ;

L e f t _ l u n g = d e f i n e _ l u n g _ p r o p e r t i e s ( t imes , d i s c r e t e _ p o i n t s , s l a i rmax , s l a i rm i n , d s l b l ood , e l a i rmax , e l a i rm i n , d e l b l o od ) ;
R i gh t _ l ung= d e f i n e _ l u n g _ p r o p e r t i e s ( t imes , d i s c r e t e _ p o i n t s , s l a i rmax , s l a i rm i n , d s l b l ood , e l a i rmax , e l a i rm i n , d e l b l o od ) ;
Hea r t = d e f i n e _ h e a r t _ p r o p e r t i e s ( f , t imes , Shea r t , dShea r t , Ehea r t , dEhea r t ) ;
Muscles= d e f i n e _mu s c l e s _ p r o p e r t i e s ( t ime s ) ;
Bones= d e f i n e _ b o n e s _ p r o p e r t i e s ( ) ;

i f e x i s t ( ’ T i s s u e s ’ )~=0 %t i s s u e s e x i s t bu t need t o be upda t ed ( end of c y c l e )
L e f t _ l u n g . p o s i t i o n =pos1 ;
R i gh t _ l ung . p o s i t i o n =pos2 ;
Hea r t . e x t e r i o r . p o s i t i o n =pos3a ;
Hea r t . i n t e r i o r . p o s i t i o n =pos3b ;
Bones . Bone1 . p o s i t i o n =pos4 ;
Bones . Bone2 . p o s i t i o n =pos5 ;
Bones . Bone3 . p o s i t i o n =pos6 ;
Bones . Bone4 . p o s i t i o n =pos7 ;
Bones . Bone5 . p o s i t i o n =pos8 ;
Bones . Bone6 . p o s i t i o n =pos9 ;
Bones . Bone7 . p o s i t i o n =pos10 ;
Bones . Bone8 . p o s i t i o n =pos11 ;
end

[ Le f t _ l ung , R igh t_ lung , Hear t , Bones , r , k ] = . . .
d e f i n e _ t i s s u e s _movemen t ( r , k , Le f t _ l ung , R igh t_ lung , Hear t , Bones , t imes , d i s c r e t e _ p o i n t s , f i r s t t i m e , randomcond ) ;
end

f u n c t i o n Lung= d e f i n e _ l u n g _ p r o p e r t i e s ( t imes , d i s c r e t e _ p o i n t s , s l a i rmax , s l a i rm i n , d s l b l ood , e l a i rmax , e l a i rm i n , d e l b l o o d )
Lung . p rop s . Volume=set_Volume ( d i s c r e t e _ p o i n t s . t o t a l _ p o s i t i o n s ) ;
Lung . p rop s . C o n d u c t i v i t y = s e t _ l u n g _Co n d u c t i v i t y ( t imes , Lung . p rop s . Volume , s l a i rmax , s l a i rm i n , d s l b l o o d ) ;
Lung . p rop s . p e r m i t t i v i t y = s e t _ l u n g _ p e r m i t t i v i t y ( t imes , Lung . p rop s . Volume , e l a i rmax , e l a i rm i n , d e l b l o o d ) ;
end

f u n c t i o n Hea r t = d e f i n e _ h e a r t _ p r o p e r t i e s ( f , t imes , Shea r t , dShea r t , Ehea r t , dEhea r t )
Hea r t . i n t e r i o r . p rop s . C o n d u c t i v i t y = s e t _ h e a r t _ C o n d u c t i v i t y ( t imes , Shea r t , d Sh e a r t ) ;
Hea r t . i n t e r i o r . p rop s . p e r m i t t i v i t y = s e t _ h e a r t _ p e r m i t t i v i t y ( t imes , Ehea r t , dEhea r t ) ;
Hea r t . e x t e r i o r . p rop s . C o n d u c t i v i t y = s e t _myoca r d i um_Conduc t i v i t y ( f ) ;
Hea r t . e x t e r i o r . p rop s . p e r m i t t i v i t y = s e t _myo c a r d i um_p e rm i t t i v i t y ( f ) ;
end

f u n c t i o n Volume=set_Volume ( t o t a l _ p o s i t i o n s )
%du r i n g t h e b r e a t h , each t i s s u e and t h e e l e c t r o d e s , p a s s from each
%p o s s i b l e p o s i t i o n tw i c e
i 2 = t o t a l _ p o s i t i o n s : 1 : 2 * t o t a l _ p o s i t i o n s +1; %t ime samples o f e x h a l a t i o n
i 1 = 1 : 1 : ( t o t a l _ p o s i t i o n s −1); %t ime samples o f i n h a l a t i o n
F2=−3/( t o t a l _ p o s i t i o n s −1)* i 1 +3 / ( t o t a l _ p o s i t i o n s −1)+4; %lung s volume du r i n g i n h a l a t i o n
F1 =3 / ( t o t a l _ p o s i t i o n s +1)* i 2 +4−3*(2* t o t a l _ p o s i t i o n s + 1 ) / ( t o t a l _ p o s i t i o n s +1 ) ; %lung s volume du r i n g e x h a l a t i o n
i =[ i 1 i 2 ] ; %combine t h e two con t i n u o u s t ime windows
Volume=[F1 F2 ] ; %combine t h e two con t i n u ou s volume f u n c t i o n s
end

f u n c t i o n S= s e t _ l u n g _Co n d u c t i v i t y ( t imes , Volume , s l a i rmax , s l a i rm i n , d s l b l o o d )
%lung s p a r ame t e r s
w=1 . 5 ;
sb = 0 . 5 ;
s i =2 ;
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% co n d u c t i v i t y changes du r i n g b r e a t h c y c l e due t o a i r f low
s10 l ung s =18*(32*Volume + 4 . 5 ) . / ( 3 2 * Volume + 9 ) . ^ 2 * ( ( 0 . 8 5 /w* sb +0.03* s i ) ) ;
%s c a l i n g (K1 , K2)
s 1 l u ng s =( s l a i rm ax + s l a i r m i n ) / 2 + ( s l a i rmax−( s l a i rm a x + s l a i r m i n ) / 2 ) * ( s10 lungs−mean ( s 10 l ung s ) ) / ( max ( s10 lungs−mean ( s 10 l ung s ) ) ) ;
p u l s e _ du r = t ime s . p u l s e _ du r ;
%d s l b l o o d =0 . 008 ; %ds i n l ung s due t o b lood c y c l e
j 1 =1 : 1 : p u l s e _ du r / 2 ;
j 2 = pu l s e _ du r / 2 : 1 : p u l s e _ du r ;
%c o n d u c t i v i t y changes du r i n g b lood c y c l e due t o b lood f low
sk l u ng s = d s l b l o o d *2 / p u l s e _ du r * j 1 ;
s l l u n g s=−d s l b l o o d *2 / p u l s e _ du r * j 2 +2* d s l b l o o d ;
j =[ j 1 j 2 ] ;
s 2 l u ng s =[ s k l u ng s s l l u n g s ] ;
S . a i r = s 1 l u ng s ;
S . b lood= s2 l u ng s ;
end

f u n c t i o n E= s e t _ l u n g _ p e r m i t t i v i t y ( t imes , Volume , e l a i rmax , e l a i rm i n , d e l b l o o d )
e rb =10000;
erm =10;
b =0 . 325 ;
w=1 . 5 ;
% p e r m i t t i v i t y changes du r i n g b r e a t h c y c l e due t o a i r f low
e r 1 0 l u n g s =18*(32*Volume + 4 . 5 ) . / ( 3 2 * Volume + 9 ) . ^ 2 . * ( ( 0 . 8 5 /w* e rb +2400*b*Volume . ^ ( 1 / 3 ) * erm ) ) ;
%s c a l i n g ( L1 , L2 )
e r 1 l u n g s =( e l a i rmax + e l a i rm i n ) / 2 + ( e l a i rmax−(e l a i rmax + e l a i rm i n ) / 2 ) * ( e r 10 l ung s−mean ( e r 1 0 l u n g s ) ) / ( max ( e r10 l ung s−mean ( e r 1 0 l u n g s ) ) ) ;
p u l s e _ du r = t ime s . p u l s e _ du r ;
dElungs= d e l b l o o d ;
%dElungs =500; %ÄE in l ung s due t o b lood c y c l e
j 1 =1 : 1 : p u l s e _ du r / 2 ;
j 2 = pu l s e _ du r / 2 : 1 : p u l s e _ du r ;
j =[ j 1 j 2 ] ;
% p e r m i t t i v i t y changes du r i n g b lood c y c l e due t o b lood f low
e r 2 k l u n g s =dElungs *2 / p u l s e _ du r * j1−2*dElungs / p u l s e _ du r ;
e r 2 l l u n g s=−dElungs *2 / p u l s e _ du r * j 2 +2* dElungs ;
e r 2 l u n g s =[ e r 2 k l u n g s e r 2 l l u n g s ] ;
E . a i r = e r 1 l u n g s ;
E . b lood= e r 2 l u n g s ;
end

f u n c t i o n S= s e t _ h e a r t _ C o n d u c t i v i t y ( t imes , S i n h e a r t , d Sh e a r t )
p u l s e _ du r = t ime s . p u l s e _ du r ;
j 1 =1 : 1 : p u l s e _ du r / 2 ;
j 2 = pu l s e _ du r / 2 : 1 : p u l s e _ du r ;
j =[ j 1 j 2 ] ;
%h e a r t p a r ame t e r s
%dShe a r t =0 . 025 ; %c o n d u c t i v i t y change of h e a r t d u r i n g c a r d i o c y c l e
%S i n h e a r t = 0 . 5 ; %sigma h e a r t ~0 . 5 , a round i s ~0 .2
s h e a r t 1=−2*dShe a r t / p u l s e _ du r * j 1 + dShe a r t + S i n h e a r t ;
s h e a r t 2 =2* dSh e a r t / p u l s e _ du r * j2−dShe a r t + S i n h e a r t ;
S=[ s h e a r t 1 s h e a r t 2 ] ;
o = [ ] ;
end

f u n c t i o n E= s e t _ h e a r t _ p e r m i t t i v i t y ( t imes , Eh e a r t i n , dEhea r t )
p u l s e _ du r = t ime s . p u l s e _ du r ;
j 1 =1 : 1 : p u l s e _ du r / 2 ;
j 2 = pu l s e _ du r / 2 : 1 : p u l s e _ du r ;
j =[ j 1 j 2 ] ;
% dEhea r t =300;
% Eh e a r t i n =6000;
e r 1 h e a r t=−dEhea r t *2 / p u l s e _ du r * j 1 + dEhea r t + E h e a r t i n ;
e r 2 h e a r t = dEhea r t *2 / p u l s e _ du r * j2−dEhea r t + E h e a r t i n ;
E=[ e r 1 h e a r t e r 2 h e a r t ] ;
end

f u n c t i o n S= s e t _myoca r d i um_Conduc t i v i t y ( f )
S=9*10^(−5)* f / 1 000+0 . 168 ;
end

f u n c t i o n E= s e t _myo c a r d i um_p e rm i t t i v i t y ( f )
E=2 .29*10^5*( f / 1000 ) ^ ( −0 . 95 ) ;
end

f u n c t i o n Muscles= d e f i n e _mu s c l e s _ p r o p e r t i e s ( t ime s )
Muscles . p rop s . C o n d u c t i v i t y = d e f i n e _mu s c l e _ c o n d u c t i v i t y ( t ime s ) ;
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Muscles . p rop s . p e r m i t t i v i t y = d e f i n e _mu s c l e _ p e rm i t t i v i t y ( t ime s ) ;

end

f u n c t i o n S= d e f i n e _mu s c l e _ c o n d u c t i v i t y ( t ime s )
%s o f t _ t i s s u e s p a r ame t e r s
p u l s e _ du r = t ime s . p u l s e _ du r ;
j 1 =1 : 1 : p u l s e _ du r / 2 ;
j 2 = pu l s e _ du r / 2 : 1 : p u l s e _ du r ;
d S s o f t =0 . 015 ; %muscle−plasma c o n d u c t i v i t y change due t o b lood f low
S i n s o f t = 0 . 2 8 ; %ave r ag e muscle−plasma−gap c o n d u c t i v i t y
s s o f t 1 =2* dS s o f t / t ime s . p u l s e _ du r * j 1 + dS s o f t + S i n s o f t−2*dS s o f t / t ime s . p u l s e _ du r ;
s s o f t 2 =−2*dS s o f t / t ime s . p u l s e _ du r * j 2 + dS s o f t + S i n s o f t +2* dS s o f t ;
S=[ s s o f t 1 s s o f t 2 ] ;
end

f u n c t i o n E= d e f i n e _mu s c l e _ p e rm i t t i v i t y ( t ime s )
%s o f t _ t i s s u e s p a r ame t e r s
p u l s e _ du r = t ime s . p u l s e _ du r ;
j 1 =1 : 1 : p u l s e _ du r / 2 ;
j 2 = pu l s e _ du r / 2 : 1 : p u l s e _ du r ;
dE so f t =300;
E s o f t i n =6000;
e r 1 s o f t=−dEso f t *2 / p u l s e _ du r * j 1 + dEso f t + E s o f t i n +2* dE so f t / p u l s e _ du r ;
e r 2 s o f t = dE so f t *2 / p u l s e _ du r * j 2 + dE so f t + E s o f t i n−2*dEso f t ;
E=[ e r 1 s o f t e r 2 s o f t ] ;
end

f u n c t i o n Bones= d e f i n e _ b o n e s _ p r o p e r t i e s ( )
%assuming c o n s t a n t c o n d u c t i v i t y and p e r m i t t i v i t y
Bones . p rop s . C o n d u c t i v i t y =0 . 0 7 ;
Bones . p rop s . p e r m i t t i v i t y =250;
end

f u n c t i o n [ Le f t _ l ung , R igh t_ lung , Hear t , Bones , r , ks ] = . . .
d e f i n e _ t i s s u e s _movemen t ( r , ks , Le f t _ l ung , R igh t_ lung , Hear t , Bones , t imes , d i s c r e t e _ p o i n t s , f i r s t t i m e , randomcond )
%De f i n e s :
%i n i t i a l l y t h e minimum and maximum shape s o f t h e t i s s u e s ( assuming t h ey
%have c o n s t a n t l i m i t s )
%a t eve ry new blood or b r e a t h c y c l e t h e s t e p s o f each t i s s u e ’ s boundary
%change
%r = H + (H−L)* rand (DIM, 1 )
%Le f t Lung
Le f t _ l u n g . shape . f u l l = r *[−5.1 −7.6 −8.3 −8.1 −8 −5.6 −4 −1.3 −10.1 −16.6 −19.8 −20.9 −20 −15.8 −11 . 8 . . .
−8; −12.8 −10.3 −7.7 −3.2 −0.1 3 . 2 7 9 . 7 15 . 5 10 .9 6 . 3 1 . 3 −5.2 −10.2 −12.5 −13.1] ’ ;
L e f t _ l u n g . shape . empty= r *[−6.4 −7.6 −8.8 −9.7 −10.4 −8.4 −6.9 −5 −11 −14.9 −17.8 −18.5 −17.4 −14 . 8 . . .
−10.9 −8.7;−10.9 −8.2 −5.6 −2.9 −0.3 3 . 7 5 . 7 7 . 5 13 . 6 9 . 3 5 . 3 1 . 5 −4.4 −8.1 −11.6 −11.7] ’ ;
L e f t _ l u n g . shape . s t e p = d e f i n e _ s t e p s ( Le f t _ l ung , d i s c r e t e _ p o i n t s . t o t a l _ p o s i t i o n s ) ;
%Righ t lung
R igh t _ l ung . shape . f u l l = r * [ 1 0 . 5 18 . 8 21 .5 18 .3 12 6 . 2 1 . 9 3 . 3 5 . 2 7 . 6 9 . 2 8 7 . 5 7 . 3 6 . 9 ; −15.6 −9 . 1 . . .
0 . 4 8 . 8 15 . 7 16 . 1 10 .1 6 . 2 3 . 4 3 . 5 −0.7 −4.1 −5.2 −6.9 −10.5] ’ ;

R i gh t _ l ung . shape . empty= r * [ 1 0 . 8 17 . 7 19 17 11 .2 6 . 6 3 . 7 4 . 4 5 . 3 7 . 6 10 . 3 9 . 6 8 . 4 9 8.7;−12.8 −7 1 . 6 . . .
8 . 7 14 . 6 15 10 .3 7 . 4 4 . 8 4 . 8 0 . 9 −4.1 −5.1 −6.6 −9.5] ’ ;

R i gh t _ l ung . shape . s t e p = d e f i n e _ s t e p s ( R igh t_ lung , d i s c r e t e _ p o i n t s . t o t a l _ p o s i t i o n s ) ;
%Hea r t e x t e r i o r
Hea r t . e x t e r i o r . shape . f u l l =[0 4 . 1 4 . 5 4 . 5 5 . 9 7 . 3 7 . 1 4 . 3 3 0 . 8 1 . 3 1 . 6 −1 −2.8 −3.6 −6.7 −5 . 9 . . .
−1.1;−14.6 −10.5 −6.6 −3.6 −3.3 −1.7 0 . 5 2 . 6 −0.4 1 1 . 3 6 . 1 6 4 1 . 3 0 −7.8 −12.4] ’ ;

Hea r t . e x t e r i o r . shape . empty =[0 3 . 6 3 . 1 3 . 3 5 6 . 4 5 . 9 4 . 2 3 . 1 1 0 . 6 0 . 6 −0.9 −2.9 −4.1 −6.3 −4 . 9 . . .
−0.8;−13 −8.9 −6.2 −3.3 −2.3 −1.1 0 . 1 1 . 6 −1.5 0 2 . 2 4 . 2 5 . 9 3 . 8 1 . 7 −0.2 −7.2 −11.8] ’ ;

Hea r t . e x t e r i o r . shape . f u l l ( : , 2 ) = Hea r t . e x t e r i o r . shape . f u l l ( : , 2 ) + 1 ;
Hea r t . e x t e r i o r . shape . empty ( : , 2 ) = Hea r t . e x t e r i o r . shape . empty ( : , 2 ) + 1 ;

Hea r t . e x t e r i o r . shape . f u l l =0 .8* r * Hea r t . e x t e r i o r . shape . f u l l ;
Hea r t . e x t e r i o r . shape . empty =0 .8* r * Hea r t . e x t e r i o r . shape . empty ;

%Hea r t i n t e r i o r
aa =[1 2 4 9 15 1 7 ] ;
Hea r t . i n t e r i o r . shape . f u l l =0 .65* Hea r t . e x t e r i o r . shape . f u l l ( aa , : ) ;
Hea r t . i n t e r i o r . shape . empty =0.65* Hea r t . e x t e r i o r . shape . empty ( aa , : ) ;

%h e a r t e x t e r i o r s h i f t i n g
Hea r t . e x t e r i o r . shape . f u l l ( : , 2 ) = Hea r t . e x t e r i o r . shape . f u l l ( : , 2 )−2 ;
Hea r t . e x t e r i o r . shape . empty ( : , 2 ) = Hea r t . e x t e r i o r . shape . empty ( : , 2 )−2 ;

Hea r t . e x t e r i o r . shape . s t e p = d e f i n e _ s t e p s ( Hea r t . e x t e r i o r , d i s c r e t e _ p o i n t s . t o t a l _ p o s i t i o n s * t ime s . t b r / t ime s . Tpu l s e ) ;
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%Hea r t i n t e r i o r s h i f t i n g
Hea r t . i n t e r i o r . shape . f u l l ( : , 2 ) = Hea r t . i n t e r i o r . shape . f u l l ( : , 2 ) −2 . 5 ;
Hea r t . i n t e r i o r . shape . empty ( : , 2 ) = Hea r t . i n t e r i o r . shape . empty ( : , 2 ) −2 . 5 ;

Hea r t . i n t e r i o r . shape . s t e p = d e f i n e _ s t e p s ( Hea r t . i n t e r i o r , d i s c r e t e _ p o i n t s . t o t a l _ p o s i t i o n s * t ime s . t b r / t ime s . Tpu l s e ) ;

%Bones
Bones . Bone1 . shape . empty=ks * [ 2 1 . 8 22 . 9 21 . 7 2 0 . 3 ; −7.7 −3.1 −2 −7.6] ’ ;
Bones . Bone2 . shape . empty=ks * [ 2 1 . 8 21 . 7 16 . 1 1 4 . 3 ; 6 8 . 1 14 . 5 1 4 . 4 ] ’ ;
%Spond i l u s
Bones . Bone3 . shape . empty=ks * [ 1 1 . 5 3 . 4 1 . 2 0 . 4 −0.3 −0.8 −2.6 −5.2 −12.3 −3.5 −0.4 2 . 5 ; 17 . 1 18 . 2 1 7 . 8 . . .
17 . 9 19 . 2 18 17 .5 17 .8 16 .5 14 .3 10 .6 1 4 . 5 ] ’ ;

Bones . Bone4 . shape . empty=ks *[−14.2 −18.1 −22.2 −22.7;14.5 12 . 7 6 . 9 3 . 8 ] ’ ;
Bones . Bone5 . shape . empty=ks *[−20.8 −21.7 −22.8 −22.1;−5.9 −1.2 −1.3 −6] ’;
Bones . Bone6 . shape . empty=ks *[−15.8 −17 −11.4 −11.8; −13.5 −13.6 −17.2 −15.9] ’ ;
Bones . Bone7 . shape . empty=ks *[−2.8 −2.7 3 . 7 3.7;−15.6 −17.4 −17.1 −15.6] ’ ;
Bones . Bone8 . shape . empty=ks * [ 1 2 . 5 12 . 7 18 16.8;−16.1 −17.4 −13.4 −12.7] ’ ;
Bones . Bone1 . shape . f u l l =ks * [ 2 2 . 9 23 . 7 22 . 8 2 1 . 4 ; −8 −3.8 −2.6 −7.7] ’ ;
Bones . Bone2 . shape . f u l l =ks * [ 2 2 . 1 22 . 5 16 . 8 1 4 . 8 ; 6 . 5 8 . 1 15 . 1 1 5 ] ’ ;
%Spond i l u s
Bones . Bone3 . shape . f u l l =ks * [ 1 2 . 1 3 . 3 1 . 1 0 . 4 −0.3 −0.8 −2.6 −5.2 −12.9 −3.2 −0.4 2 . 7 ; 17 . 9 19 . 1 1 8 . 4 . . .
18 . 2 19 18 17 .9 18 .4 17 15 10 .6 1 5 . 5 ] ’ ;

Bones . Bone4 . shape . f u l l =ks *[−14.5 −18.7 −22.7 −23; 15 12 .6 6 . 9 4 ] ’ ;
Bones . Bone5 . shape . f u l l =ks *[−21.3 −22.4 −23.4 −22.6; −6 −1.4 −1.4 −6.2] ’ ;
Bones . Bone6 . shape . f u l l =ks *[−16.6 −17.8 −11.2 −11.6;−13.7 −13.9 −17.8 −16.8] ’ ;
Bones . Bone7 . shape . f u l l =ks *[−2.6 −2.4 3 . 7 3 . 9 ; −16.3 −18 −17.9 −16.5] ’ ;
Bones . Bone8 . shape . f u l l =ks * [ 1 2 . 7 12 . 8 18 . 7 1 7 . 6 ; −17 −18.2 −13.8 −13.1] ’ ;
f o r k =1:8
Bone= ev a l ( [ ’ Bones . Bone ’ num2s t r ( k ) ] ) ;
e v a l ( [ ’ Bones . Bone ’ num2s t r ( k ) ’ . shape . s t e p = d e f i n e _ s t e p s ( Bone , d i s c r e t e _ p o i n t s . t o t a l _ p o s i t i o n s ) ’ ] )
end
i f f i r s t t i m e ==0&&randomcond==1
wh i l e c h e c k _ i n t e r s e c t i o n s ( Le f t _ l ung , R igh t_ lung , Hear t , Bones )==1
%i f we have j u s t i n i t i a l i z e d t h e t i s s u e s and we have i n t e r s e c t i o n s
%re−i n i t i a l i z e t h e p o s i t i o n s
r =0 .95 + (1 .05−0.95)* randn ( 1 , 1 ) ;
ks =0 .95 + (1 .05−0.95)* randn ( 1 , 1 ) ;
[ Le f t _ l ung , R igh t_ lung , Hear t , Bones , r , ks ]= d e f i n e _ t i s s u e s _movemen t ( r , ks , Le f t _ l ung , R igh t_ lung , Hear t , Bones , t imes , d i s c r e t e _ p o i n t s , f i r s t t i m e , 0 ) ;
end
end
end

f u n c t i o n s t e p = d e f i n e _ s t e p s ( T i s sue , t o t a l _ p o s i t i o n s )
l e n = l e n g t h ( T i s s u e . shape . empty ( : , 1 ) ) ;
s t e p ( 1 : l en , 1 ) = ( T i s s u e . shape . empty ( : ,1)− T i s s u e . shape . f u l l ( : , 1 ) ) / t o t a l _ p o s i t i o n s ;
s t e p ( 1 : l en , 2 ) = ( T i s s u e . shape . empty ( : ,2)− T i s s u e . shape . f u l l ( : , 2 ) ) / t o t a l _ p o s i t i o n s ;
end

f u n c t i o n [ f i l e ID , d , f o l d s ]= o p e n _ s c r i p t ( f r equency , p a t h )
d5 =1;
f o l d e r =[ p a t h ’ \ Dynamic_Thorax_Model \ LUA_f i les \ ’ ] ;
p r e f i x _ d a t a =[ ’ F i l e ’ , num2s t r ( d a t e ( ) ) , ’ _ ’ , num2s t r ( d5 ) ] ;
d a t a f o rma t = ’ . lua ’ ;
no l = s t r c a t ( f o l d e r , p r e f i x _ d a t a , d a t a f o rma t ) ;
wh i l e e x i s t ( no l ) >0
f o l d e r =[ p a t h ’ \ Dynamic_Thorax_Model \ LUA_f i les \ ’ ] ;
p r e f i x _ d a t a =[ ’ F i l e ’ , num2s t r ( d a t e ( ) ) , ’ _ ’ , num2s t r ( d5 ) ] ;
d a t a f o rma t = ’ . lua ’ ;
no l = s t r c a t ( f o l d e r , p r e f i x _ d a t a , d a t a f o rma t ) ;
d5=d5 +1;
end
%% beg in w r i t i n g on s c r i p t
f i l e I D = fopen ( nol , ’w ’ ) ;
%% s e t p a r ame t e r s o f t h e problem i n FEMM
f p r i n t f ( f i l e ID , ’ newdocument ( 3 ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ p r o b d e f ( ” c e n t i m e t e r s ” , ” p l a n a r ” ,%4.2 f , 1 . E−8 ,1 ,15) \ n ’ , f r e qu en cy ) ;
%% s e t f i l e f o r t h e measurements t o be w r i t t e n
d =1;
ex =1;
wh i l e ex==1
f o l d e r =[ p a t h ’ Dynamic_Thorax_Model \ LUA_f i les \ ’ ] ;
p r e f i x _ d a t a =[ num2s t r ( d a t e ( ) ) , ’ _ t e s t ’ , num2s t r ( d ) ] ;
d a t a f o rma t = ’ . fee ’ ;
n l = s t r c a t ( f o l d e r , p r e f i x _ d a t a , d a t a f o rma t ) ;
i f e x i s t ( n l ) >0
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d=d +1;
%d i s p ( ’ e x i s t ’ )
e l s e
ex =0;
end
end
%% save i t
f o l d s = s t r r e p ( f o l d e r , ’ \ ’ , ’ \ \ \ \ ’ ) ;
f o l d s =[ f o l d s ’ Temporary \ \ \ \ ’ ] ;
f p r i n t f ( f i l e ID , ’ c i _ s a v e a s (”% s%s _ t e s t %.0 f . f e e ” ) \ n ’ , f o l d s , d a t e ( ) , d ) ;
end

f u n c t i o n [ ] = s e t _m a t e r i a l s _ i n _ l u a ( f i l e ID , Cur r en t , T i s s u e s , Z e l e c t r o d e s )
i n h omog e n e o u s _ma t e r i a l s _ s t a b l e ( f i l e ID , T i s sue s , Z e l e c t r o d e s )
%%s e t c u r r e n t v a l u e s
s e t _ c u r r e n t s ( f i l e ID , Cu r r e n t )
%%s e t ground va l u e
s e t _ g r ound ( f i l e I D )
end

f u n c t i o n [ ] = i n h omog e n e o u s _ma t e r i a l s _ s t a b l e ( f i l e ID , T i s sue s , Z e l e c t r o d e s )
%s e t s some c o n s t a n t v a l u e s on t i s s u e s ; on ly bones w i l l be used
%t r a b e c u l a r bone r e s i s t a n c e 2000Ùcm c o r t i c a l 10000Ùcm a t 10kHz
%20 Ùm===>1/20Sm^−1
%10000 Ùcm=0.01Sm^−1
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” Lungs ” , 0 . 1 , 0 . 1 , 5 000 , 5000 , ” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” Bone ” , 0 . 0 7 , 0 . 0 7 , 250 , 250 , ” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” Hea r t ” , 0 . 3 , 0 . 3 , 5 000 , 5000 , ” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” S o f t e r t i s s u e s ” ,3 ,3 ,5000 ,5000 , ” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” Nea r_ sk in_ ” , 0 . 3 , 0 . 3 , 2 000 , 2000 , ” <None >” ,” <None > ” ) \ n ’ ) ;
S igmaext= T i s s u e s . Hea r t . e x t e r i o r . p rop s . C o n d u c t i v i t y ;
Eext= T i s s u e s . Hea r t . e x t e r i o r . p rop s . p e r m i t t i v i t y ;
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” Miocardium ” ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,” <None >” ,” <None > ” ) \ n ’ , Sigmaext , Sigmaext , Eext , Eext ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” Fa t ” ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,” <None >” ,” <None > ” ) \ n ’ , 0 . 1 2 , 0 . 1 2 , 1 0 0 0 , 1 0 0 0 ) ;
f o r e l e c t r o d e =1: l e n g t h ( Z e l e c t r o d e s ( : , 1 ) )
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” Z e l e c t r o d e %2.0 f ” ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,” <None >” ,” <None > ” ) \ n ’ , . . .
e l e c t r o d e , Z e l e c t r o d e s ( e l e c t r o d e , 1 ) , Z e l e c t r o d e s ( e l e c t r o d e , 1 ) , Z e l e c t r o d e s ( e l e c t r o d e , 2 ) , Z e l e c t r o d e s ( e l e c t r o d e , 2 ) ) ;
end
end

f u n c t i o n [ ] = s e t _ c u r r e n t s ( f i l e ID , Cu r r e n t )
%s e t s t h e v a l u e o f c u r r e n t i n j e c t i o n amp l i t u d e
f p r i n t f ( f i l e ID , ’ c i _ a d d c ondu c t o r p r o p ( ” I i n ” ,0 ,%1.3 f , 0 ) \ n ’ , Cu r r e n t ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d c ondu c t o r p r o p ( ” I o u t ” ,0 ,−%1.3 f , 0 ) \ n ’ , Cu r r e n t ) ;
end

f u n c t i o n [ ] = s e t _ g r ound ( f i l e I D )
%Ground i s 0 v o l t s !
f p r i n t f ( f i l e ID , ’ c i_addboundp rop ( ” Ground ” , 0 , 0 , 0 , 0 , 0 ) \ n ’ ) ;
end

f u n c t i o n [ pulmo , card , pu lmcoun te r , c a r d c oun t e r , p u l s e _ du r ] = . . .
r andomize ( i n i t i a l _ t i m e s , i n i t i a l _ t o t a l _ p o s i t i o n s , random )

%r e t u r n s t h e i n i t i a l s t a t e s o f b r e a t h i n g and c a r d i a c c y c l e s
%pulmo and ca r d i n d i c a t e t h e p o s i t i o n s o f l u ng s and h e a r t
%pu lmcoun t e r and c a r d c o u n t e r i n d i c a t e whe the r t h ey a r e i n c r e a s i n g or
%d e c r e a s i n g
t o t = i n i t i a l _ t o t a l _ p o s i t i o n s . t o t a l _ p o s i t i o n s ;
t b r = i n i t i a l _ t i m e s . t b r ;
Tpu l s e= i n i t i a l _ t i m e s . Tpu l s e ;
i f random==1 %pulmo cy c l e and c a r d i o c y c l e a r e a t random p o i n t s when s im u l a t i o n s t a r t s
kappa= t o t * r and ( 1 ) ; %random v e n t i l a t i o n p o i n t
co f1= rand ( 1 ) ; %de t e rm i n e i f we have e x h a l a t i o n (−1) o r i n h a l a t i o n (+1 )
i f cof1 <0 .5
co f =1;
e l s e
co f =−1;
end
co f2= rand ( 1 ) ;
i f cof2 <0 .5
c a r d i o =1;
e l s e
c a r d i o =−1;
end
i = round ( kappa ) ;
p u l s e _ du r = t o t * ( t b r / Tpu l s e )^(−1) ;
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kappa1= rand ( 1 ) * pu l s e _ du r ;
j = round ( kappa1 ) ;
pulmo= i ;
c a r d = j ;
pu lmcoun t e r = co f ;
c a r d c o u n t e r = c a r d i o ;
e l s e %i f random i s non−one when s im u l a t i o n s t a r t s , pu lmocyc le and c a r d i o c y c l e
%a r e s e t t o s t a r t i n g p o i n t
pulmo =1;
c a r d =1;
pu lmcoun t e r =1;
c a r d c o u n t e r =1;
p u l s e _ du r = t o t * ( t b r / Tpu l s e )^(−1) ;
end
end

f u n c t i o n Graph= i n i t i a l i z e _ g r a p h ( )
%i n p u t c o n d u c t i v i t i e s z e r o d e f i n i n g
Graph . h e a r t . c o n d u c t i v i t y = [ ] ;
Graph . r i g h t _ l u n g . c o n d u c t i v i t y = [ ] ;
Graph . l e f t _ l u n g . c o n d u c t i v i t y = [ ] ;
Graph . musc l e s . c o n d u c t i v i t y = [ ] ;
Graph . h e a r t . p e r m i t t i v i t y = [ ] ;
Graph . r i g h t _ l u n g . p e r m i t t i v i t y = [ ] ;
Graph . l e f t _ l u n g . p e r m i t t i v i t y = [ ] ;
Graph . musc l e s . p e r m i t t i v i t y = [ ] ;
end

f u n c t i o n S i l e n c e s = i n i t i a l i z e _ s i l e n c e s ( )
S i l e n c e s . s i l e n c e =0; %when s t a r t i n g a t a random po in t , no t i n s i l e n c e space
S i l e n c e s . t i m e _ s i l _ s t a r t =−1; %s t a r t t ime ( s econds ) o f t h e s i l e n c e space
S i l e n c e s . r e l a x i n g _ t im e =−1; %d u r a t i o n ( s e conds ) o f t h e s i l e n c e space
S i l e n c e s . c a r d i o b e a t s =1 ;
end
%% loop
f u n c t i o n [ Graph , t ime s t e p s , t o t a l _ t i m e _ e s t , H i s t o r y _ o f _T i s s u e s ] = . . .
f r ame_ loop (N, c u r r e n t s k i p , i n i t i a l _ t i m e s , i n i t i a l _ t o t a l _ p o s i t i o n s , . . .
C o l l a p s i o n _ a r e a s , e l e c t r o d e s , S i l e n c e s , f i l e ID , Graph , C i r c u l a t i o n , . . .
V e n t i l a t i o n , T i s s ue s , d , r , k , f r equency , end_Admi t t ances , f o l d s , randomcond )
t ime s = i n i t i a l _ t i m e s ;
t im= i n i t i a l _ t i m e s . t im ;
t o t a l _ p o s i t i o n s = i n i t i a l _ t o t a l _ p o s i t i o n s ;
t o t a l _ t i m e _ e s t = i n i t i a l _ t i m e s . t o t a l _ t i m e _ e s t ;
coun t =1 ;
t im e s t e p s =1;
H i s t o r y _ o f _T i s s u e s = i n i t i a l i z e _ h i s t o r y ( ) ;
%s t e p i s ( t ime r e q u i r e d f o r a f rame ) / ( number o f e l e c t r o d e s )
%t h e r e f o r e ( t ime ) s t e p i s t h e t ime we s e t a c u r r e n t i n p u t
f p r i n t f ( f i l e ID , ’ ci_zoom(%d,%d,%d,%d ) \ n ’ ,−30 ,−30 ,30 ,30);
f o r t ime =( t im /N ) : ( t im /N ) : t o t a l _ t i m e _ e s t
%each i t e r a t i o n has a t im /N d u r a t i o n which c o r r e s p o nd s
%to t h e t ime t h e measurements a r e t a k en f o r a s i n g l e
%c u r r e n t s o u r c e e l e c t r o d e s p o s i t i o n
i f mod ( count−1,N)==0
coun t =1 ;
end
% f i n d SIGMA and E i n ( i t h ) s t a t e
Graph= i n h omog e n e o u s _ma t e r i a l s _ v a r _ s e t t i n g ( Graph , C i r c u l a t i o n , V e n t i l a t i o n , T i s s u e s , f i l e I D ) ;
%d e t e c t p o s i t i o n s o f each e l e c t r o d e and t i s s u e
%and d e f i n e t h e geomet ry which changes i n eve ry t ime s t e p
%f i n d t h e e l e c t r o d e s and t i s s u e s POSITIONS in ( i t h ) s t a t e
e l e c t r o d e s . p o s i t i o n = e l e c t r o d e _ p o s i t i o n s (N, V e n t i l a t i o n , e l e c t r o d e s ) ;
T i s s u e s = t i s s u e _ p o s i t i o n s ( V e n t i l a t i o n , C i r c u l a t i o n , T i s sue s , C o l l a p s i o n _ a r e a s ) ;

% %%%%time r e c o r d eve ry boundary and t i s s u e
e l e c t r o d e s . p o s i t i o n s ( 1 :N, 1 : 2 , 1 , t i m e s t e p s ) = ( e l e c t r o d e s . p o s i t i o n . x ) ’ ;
e l e c t r o d e s . p o s i t i o n s ( 1 :N, 1 : 2 , 2 , t i m e s t e p s ) = ( e l e c t r o d e s . p o s i t i o n . y ) ’ ;

% T i s s u e s _ t im e s . L e f t _ l u n g ( : , : , t i m e s t e p s )= T i s s u e s . L e f t _ l u n g . p o s i t i o n ;
% T i s s u e s _ t im e s . R i gh t _ l ung ( : , : , t i m e s t e p s )= T i s s u e s . R i gh t _ l ung . p o s i t i o n ;
% T i s s u e s _ t im e s . Hea r t . i n t e r i o r ( : , : , t i m e s t e p s )= T i s s u e s . Hea r t . i n t e r i o r . p o s i t i o n ;
% T i s s u e s _ t im e s . Hea r t . e x t e r i o r ( : , : , t i m e s t e p s )= T i s s u e s . Hea r t . e x t e r i o r . p o s i t i o n ;
% T i s s u e s _ t im e s . Bone1=T i s s u e s . Bones . Bone1 . p o s i t i o n ;
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H i s t o r y _ o f _T i s s u e s = u p d a t e _ h i s t o r y ( H i s t o r y _ o f _T i s s u e s , T i s s u e s ) ;
%s e t a s s i s t t empo ra ry p o i n t s t o measure l a t e r
[ a s s i s t _ p o i n t s , e l e c t r o d e _ c e n t r a l _ p o i n t s , e l e c t r o d e _ e x t e r i o r _ s i d e s ]= dynamic_geometry (N, e l e c t r o d e s , T i s s ue s , C o l l a p s i o n _ a r e a s , f i l e I D ) ;
%add l a b e l s t o each r e g i o n a c c o r d i n g t o c u r r e n t ( i t h ) s t a t e
[LLCC,RLCC,CALCC,CARCC, STCC , Xbone , Ybone , Xfat , Yfat , Xint , Yint , Xext , Yext ] = . . .
a d dm a t e r i a l _ l a b e l s ( T i s sue s , V e n t i l a t i o n , C i r c u l a t i o n , Co l l a p s i o n _ a r e a s , f i l e ID , r , k , e l e c t r o d e _ c e n t r a l _ p o i n t s ) ;
%s e t c u r r e n t s o u r c e p o s i t i o n f o r t h e ( i t h ) s t a t e
s e t _ c u r r e n t _ s o u r c e (N, c u r r e n t s k i p , a s s i s t _ p o i n t s , count , f i l e ID , e l e c t r o d e _ e x t e r i o r _ s i d e s ) ;
%s e t r e f e r e n c e ( a r b i t r a r y ground ) e l e c t r o d e
s e t _ r e f e r e n c e (N, c u r r e n t s k i p , a s s i s t _ p o i n t s , count , f i l e ID , e l e c t r o d e _ e x t e r i o r _ s i d e s ) ;
% save t h e f i l e
s a v e _ p r o c e s s ( d , f i l e ID , f o l d s ) ;
% measure t h e v o l t a g e s f o r t h i s s t a t e ( t h i s c u r r e n t s o u r c e p o s i t i o n )
mea s u r e _vo l t a g e s (N, e l e c t r o d e s . p o s i t i o n , d , t im e s t e p s , f i l e ID , e l e c t r o d e _ e x t e r i o r _ s i d e s , f o l d s ) ;
%upda t e c y c l e s t a t e s ; t h en check i f any of them has come t o an end
%i f so , change d u r a t i o n s , t o t a l p o s i t i o n s , p r o p e r t i e s , e . t . c .
d e l e c = e l e c t r o d e s . d e l e c ;
[ V e n t i l a t i o n , C i r c u l a t i o n , t o t a l _ p o s i t i o n s , t imes , S i l e n c e s , T i s s ue s , e l e c t r o d e s , r , k ] = . . .
u p d a t e _ c y c l e _ s t a t e s (N, V e n t i l a t i o n , C i r c u l a t i o n , t o t a l _ p o s i t i o n s , t imes , S i l e n c e s , . . .
T i s s u e s , t ime , e l e c t r o d e s , r , k , f r equency , end_Admi t t ances , de l e c , randomcond ) ;
d i s p l a y =0;
% p l o t ( T i s s u e s . Bones . Bone7 . p o s i t i o n ( : , 1 ) , T i s s u e s . Bones . Bone7 . p o s i t i o n ( : , 2 ) )
% ho ld on
% p l o t ( e l e c t r o d e s . p o s i t i o n . x ( : , 9 ) , e l e c t r o d e s . p o s i t i o n . y ( : , 9 ) , ’ o ’ )
% ho ld on
i f i s f i e l d ( T i s s u e s . Le f t _ l ung , ’ p o s i t i o n ’ )==0
o = [ ] ;
end
i f d i s p l a y==1&&mod ( t ime s t e p s ,15 )==0
RTG= d i s p l a y _ r e a l t i m e _ g r a p h (N, Graph , V e n t i l a t i o n , C i r c u l a t i o n , T i s s ue s , e l e c t r o d e s , t ime , t ime s t e p s , C o l l a p s i o n _ a r e a s , t ime s ) ;
end
%% a t t h e i t e r a t i o n end un s e t FEMM geomet ry
%because i t ’ s gonna change i n t h e nex t s t e p / i t e r a t i o n
u n s e t _ c u r r e n t _ s o u r c e (N, f i l e ID , c u r r e n t s k i p , a s s i s t _ p o i n t s , count , e l e c t r o d e _ e x t e r i o r _ s i d e s )
u n s e t _ r e f e r e n c e (N, f i l e ID , c u r r e n t s k i p , a s s i s t _ p o i n t s , count , e l e c t r o d e _ e x t e r i o r _ s i d e s )
undo_dynamic_geometry ( T i s su e s , f i l e ID , e l e c t r o d e s . p o s i t i o n , e l e c t r o d e _ e x t e r i o r _ s i d e s )
c l e a r _ l a b e l s ( f i l e ID ,LLCC,RLCC,CALCC,CARCC, STCC , Xbone , Ybone , Xfat , Yfat , Xint , Yint , Xext , Yext , e l e c t r o d e _ c e n t r a l _ p o i n t s )
coun t = coun t +1;
t im e s t e p s = t im e s t e p s +1;
i f mod ( t ime s t e p s ,100)==0
f p r i n t f ( ’ Loading s c r i p t %2.0 f %%\n ’ , round (100* t ime / t o t a l _ t i m e _ e s t ) )
end
end
o = [ ] ;
end
%%
f u n c t i o n H i s t o r y _ o f _T i s s u e s = i n i t i a l i z e _ h i s t o r y ( )
H i s t o r y _ o f _T i s s u e s . L e f t _ l u n g = [ ] ;
H i s t o r y _ o f _T i s s u e s . R i gh t _ l ung = [ ] ;
H i s t o r y _ o f _T i s s u e s . Hea r t . e x t e r i o r = [ ] ;
H i s t o r y _ o f _T i s s u e s . Hea r t . i n t e r i o r = [ ] ;
f o r Bone =1:8
B_k = [ ] ;
sw i t c h Bone
ca s e 1
H i s t o r y _ o f _T i s s u e s . Bones . Bone1=B_k ;
c a s e 2
H i s t o r y _ o f _T i s s u e s . Bones . Bone2=B_k ;
c a s e 3
H i s t o r y _ o f _T i s s u e s . Bones . Bone3=B_k ;
c a s e 4
H i s t o r y _ o f _T i s s u e s . Bones . Bone4=B_k ;
c a s e 5
H i s t o r y _ o f _T i s s u e s . Bones . Bone5=B_k ;
c a s e 6
H i s t o r y _ o f _T i s s u e s . Bones . Bone6=B_k ;
c a s e 7
H i s t o r y _ o f _T i s s u e s . Bones . Bone7=B_k ;
c a s e 8
H i s t o r y _ o f _T i s s u e s . Bones . Bone8=B_k ;
end
end
end

f u n c t i o n H i s t o r y _ o f _T i s s u e s = u p d a t e _ h i s t o r y ( H i s t o r y _ o f _T i s s u e s , T i s s u e s )
H i s t o r y _ o f _T i s s u e s . L e f t _ l u n g =[ H i s t o r y _ o f _T i s s u e s . L e f t _ l u n g T i s s u e s . L e f t _ l u n g . p o s i t i o n ] ;
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H i s t o r y _ o f _T i s s u e s . R i gh t _ l ung =[ H i s t o r y _ o f _T i s s u e s . R i gh t _ l ung T i s s u e s . R i gh t _ l ung . p o s i t i o n ] ;
H i s t o r y _ o f _T i s s u e s . Hea r t . e x t e r i o r =[ H i s t o r y _ o f _T i s s u e s . Hea r t . e x t e r i o r T i s s u e s . Hea r t . e x t e r i o r . p o s i t i o n ] ;
H i s t o r y _ o f _T i s s u e s . Hea r t . i n t e r i o r =[ H i s t o r y _ o f _T i s s u e s . Hea r t . i n t e r i o r T i s s u e s . Hea r t . i n t e r i o r . p o s i t i o n ] ;
f o r Bone =1:8
B_k= ev a l ( [ ’ T i s s u e s . Bones . Bone ’ , num2s t r ( Bone ) , ’ . p o s i t i o n ’ ] ) ;
sw i t c h Bone
ca s e 1
H i s t o r y _ o f _T i s s u e s . Bones . Bone1 =[ H i s t o r y _ o f _T i s s u e s . Bones . Bone1 B_k ] ;
c a s e 2
H i s t o r y _ o f _T i s s u e s . Bones . Bone2 =[ H i s t o r y _ o f _T i s s u e s . Bones . Bone2 B_k ] ;
c a s e 3
H i s t o r y _ o f _T i s s u e s . Bones . Bone3 =[ H i s t o r y _ o f _T i s s u e s . Bones . Bone3 B_k ] ;
c a s e 4
H i s t o r y _ o f _T i s s u e s . Bones . Bone4 =[ H i s t o r y _ o f _T i s s u e s . Bones . Bone4 B_k ] ;
c a s e 5
H i s t o r y _ o f _T i s s u e s . Bones . Bone5 =[ H i s t o r y _ o f _T i s s u e s . Bones . Bone5 B_k ] ;
c a s e 6
H i s t o r y _ o f _T i s s u e s . Bones . Bone6 =[ H i s t o r y _ o f _T i s s u e s . Bones . Bone6 B_k ] ;
c a s e 7
H i s t o r y _ o f _T i s s u e s . Bones . Bone7 =[ H i s t o r y _ o f _T i s s u e s . Bones . Bone7 B_k ] ;
c a s e 8
H i s t o r y _ o f _T i s s u e s . Bones . Bone8 =[ H i s t o r y _ o f _T i s s u e s . Bones . Bone8 B_k ] ;
end
end
end
%%
f u n c t i o n Graph= i n h omog e n e o u s _ma t e r i a l s _ v a r _ s e t t i n g ( Graph , C i r c u l a t i o n , V e n t i l a t i o n , T i s s u e s , f i l e I D )
%Wr i t e s t h e t i s s u e s p r o p e r t i e s o f t h e c u r r e n t s t a t e ( s ) a s FEMM ma t e r i a l s
%Re t u r n s an upda t ed graph
%t h i s i s upda t ed a t each t ime s t e p

s 1 l u ng s = T i s s u e s . L e f t _ l u n g . p rop s . C o n d u c t i v i t y . a i r ;
s 2 l u ng s = T i s s u e s . L e f t _ l u n g . p rop s . C o n d u c t i v i t y . b lood ;
%f p r i n t f ( ’%2.0 f \ n ’ , V e n t i l a t i o n . pu lmocyc le )
i f V e n t i l a t i o n . pulmocycle <=0
o = [ ] ;
end
l e f t _ l u n g _ c o n d _ v a l u e = s 1 l u ng s ( V e n t i l a t i o n . pu lmocyc le )+ s 2 l u ng s ( C i r c u l a t i o n . c a r d i o _ c y c l e ) ;
Graph . l e f t _ l u n g . c o n d u c t i v i t y =[ Graph . l e f t _ l u n g . c o n d u c t i v i t y l e f t _ l u n g _ c o n d _ v a l u e ] ;

e r 1 l u n g s = T i s s u e s . L e f t _ l u n g . p rop s . p e r m i t t i v i t y . a i r ;
e r 2 l u n g s = T i s s u e s . L e f t _ l u n g . p rop s . p e r m i t t i v i t y . b lood ;

l e f t _ l u n g _ p e rm_v a l u e = e r 1 l u n g s ( V e n t i l a t i o n . pu lmocyc le )+ e r 2 l u n g s ( C i r c u l a t i o n . c a r d i o _ c y c l e ) ;
Graph . l e f t _ l u n g . p e r m i t t i v i t y =[ Graph . l e f t _ l u n g . p e r m i t t i v i t y l e f t _ l u n g _ p e rm_v a l u e ] ;

c h e a r t = T i s s u e s . Hea r t . i n t e r i o r . p rop s . C o n d u c t i v i t y ( C i r c u l a t i o n . c a r d i o _ c y c l e ) ;
e r r h e a r t = T i s s u e s . Hea r t . i n t e r i o r . p rop s . p e r m i t t i v i t y ( C i r c u l a t i o n . c a r d i o _ c y c l e ) ;

Graph . h e a r t . c o n d u c t i v i t y =[ Graph . h e a r t . c o n d u c t i v i t y c h e a r t ] ;
Graph . h e a r t . p e r m i t t i v i t y =[ Graph . h e a r t . p e r m i t t i v i t y e r r h e a r t ] ;

c s o f t = T i s s u e s . Muscles . p rop s . C o n d u c t i v i t y ( C i r c u l a t i o n . c a r d i o _ c y c l e ) ;
e r r s o f t = T i s s u e s . Muscles . p rop s . p e r m i t t i v i t y ( C i r c u l a t i o n . c a r d i o _ c y c l e ) ;

Graph . musc l e s . c o n d u c t i v i t y =[ Graph . musc l e s . c o n d u c t i v i t y c s o f t ] ;
Graph . musc l e s . p e r m i t t i v i t y =[ Graph . musc l e s . p e r m i t t i v i t y e r r s o f t ] ;

f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” Lung s _ s t a t e _%d_%d” ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,” <None > ” , . . .
”<None > ” ) \ n ’ , V e n t i l a t i o n . pulmocycle , C i r c u l a t i o n . c a r d i o _ c y c l e , . . .
l e f t _ l u n g _ c o n d_v a l u e , l e f t _ l u n g _ c o n d_ v a l u e , l e f t _ l u ng_p e rm_va l u e , l e f t _ l u n g _ p e rm_v a l u e ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” H e a r t _ s t a t e _%d” ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,” <None >” ,” <None > ” ) \ n ’ , . . .
C i r c u l a t i o n . c a r d i o _ c y c l e , c h e a r t , c h e a r t , e r r h e a r t , e r r h e a r t ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d dm a t e r i a l ( ” S o f t _ t i s s u e _ s t a t e _%d” ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,” <None > ” , . . .
”<None > ” ) \ n ’ , C i r c u l a t i o n . c a r d i o _ c y c l e , c s o f t , c s o f t , e r r s o f t , e r r s o f t ) ;
end

f u n c t i o n e l e c t r o d e _ p o s i t i o n = e l e c t r o d e _ p o s i t i o n s (N, V e n t i l a t i o n , e l e c t r o d e s )
%Re t u r n s t h i s s t a t e ’ s e l e c t r o d e p o s i t i o n s
e l e c t r o d e _ a v e r a g e = e l e c t r o d e s . e l e c t r o d e _ a v e r a g e ;
e l e c t r o d e _ p o s s i b l e = e l e c t r o d e s . e l e c t r o d e _ p o s s i b l e ;
i = V e n t i l a t i o n . pu lmocyc le ;

i f N==16
e l e c t r o d e _ p o s i t i o n . y ( : , 1 : 5 ) = e l e c t r o d e _ a v e r a g e . y ( : , 1 : 5 ) ;
e l e c t r o d e _ p o s i t i o n . y ( : , 1 2 : 1 6 ) = e l e c t r o d e _ a v e r a g e . y ( : , 1 2 : 1 6 ) ;
e l e c t r o d e _ p o s i t i o n . x= e l e c t r o d e _ a v e r a g e . x ;
e l e c t r o d e _ p o s i t i o n . y ( 1 , 6 : 1 2 ) = e l e c t r o d e _ p o s s i b l e . y1 ( i , 1 : 7 ) ;
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e l e c t r o d e _ p o s i t i o n . y ( 2 , 6 : 1 2 ) = e l e c t r o d e _ p o s s i b l e . y2 ( i , 1 : 7 ) ;
e l s e i f N==32
e l e c t r o d e _ p o s i t i o n . y ( : , 1 : 9 ) = e l e c t r o d e _ a v e r a g e . y ( : , 1 : 9 ) ;
e l e c t r o d e _ p o s i t i o n . y ( : , 2 4 : 3 2 ) = e l e c t r o d e _ a v e r a g e . y ( : , 2 4 : 3 2 ) ;
e l e c t r o d e _ p o s i t i o n . x= e l e c t r o d e _ a v e r a g e . x ;
e l e c t r o d e _ p o s i t i o n . y ( 1 , 1 0 : 2 4 ) = e l e c t r o d e _ p o s s i b l e . y1 ( i , 1 : 1 5 ) ;
e l e c t r o d e _ p o s i t i o n . y ( 2 , 1 0 : 2 4 ) = e l e c t r o d e _ p o s s i b l e . y2 ( i , 1 : 1 5 ) ;
end
end

%%
f u n c t i o n T i s s u e s = t i s s u e _ p o s i t i o n s ( V e n t i l a t i o n , C i r c u l a t i o n , T i s s u e s , C o l l a p s i o n _ a r e a s )

%Re t u r n s each t i s s u e p o s i t i o n a t c u r r e n t s t a t e ( t ime ) i
LL=T i s s u e s . L e f t _ l u n g ;
LL . p o s i t i o n =[LL . shape . empty ( : ,1)−LL . shape . s t e p ( : , 1 ) * . . .
V e n t i l a t i o n . pulmocycle , LL . shape . empty ( : ,2)−LL . shape . s t e p ( : , 2 ) * V e n t i l a t i o n . pu lmocyc le ] ;
sw i t c h C o l l a p s i o n _ a r e a s . c o l l a p s i o n s . c o l l a p s i o n _ l e f t _ l u n g
ca s e 1
%f i x c o l l a p s e d a r e a p o s i t i o n s a t t h e midd le o f empty and f u l l
%p o s i t i o n s
LL . p o s i t i o n ( 1 4 : 1 6 , 1 ) = 1 / 2 * (LL . shape . empty ( 1 4 : 1 6 , 1 ) +LL . shape . f u l l ( 1 4 : 1 6 , 1 ) ) ;
LL . p o s i t i o n ( 1 4 : 1 6 , 2 ) = 1 / 2 * (LL . shape . empty ( 1 4 : 1 6 , 2 ) +LL . shape . f u l l ( 1 4 : 1 6 , 2 ) ) ;
LL . p o s i t i o n ( 1 : 4 , 1 ) = 1 / 2 * ( LL . shape . empty ( 1 : 4 , 1 ) +LL . shape . f u l l ( 1 : 4 , 1 ) ) ;
LL . p o s i t i o n ( 1 : 4 , 2 ) = 1 / 2 * ( LL . shape . empty ( 1 : 4 , 2 ) +LL . shape . f u l l ( 1 : 4 , 2 ) ) ;
c a s e 2
LL . p o s i t i o n ( 1 4 : 1 6 , 1 ) = 1 / 2 * (LL . shape . empty ( 1 4 : 1 6 , 1 ) +LL . shape . f u l l ( 1 4 : 1 6 , 1 ) ) ;
LL . p o s i t i o n ( 1 4 : 1 6 , 2 ) = 1 / 2 * (LL . shape . empty ( 1 4 : 1 6 , 2 ) +LL . shape . f u l l ( 1 4 : 1 6 , 2 ) ) ;
LL . p o s i t i o n ( 1 : 3 , 1 ) = 1 / 2 * ( LL . shape . empty ( 1 : 3 , 1 ) +LL . shape . f u l l ( 1 : 3 , 1 ) ) ;
LL . p o s i t i o n ( 1 : 3 , 2 ) = 1 / 2 * ( LL . shape . empty ( 1 : 3 , 2 ) +LL . shape . f u l l ( 1 : 3 , 2 ) ) ;
c a s e 3
LL . p o s i t i o n ( 1 5 : 1 6 , 1 ) = 1 / 2 * (LL . shape . empty ( 1 5 : 1 6 , 1 ) +LL . shape . f u l l ( 1 5 : 1 6 , 1 ) ) ;
LL . p o s i t i o n ( 1 5 : 1 6 , 2 ) = 1 / 2 * (LL . shape . empty ( 1 5 : 1 6 , 2 ) +LL . shape . f u l l ( 1 5 : 1 6 , 2 ) ) ;
LL . p o s i t i o n ( 1 : 3 , 1 ) = 1 / 2 * ( LL . shape . empty ( 1 : 3 , 1 ) +LL . shape . f u l l ( 1 : 3 , 1 ) ) ;
LL . p o s i t i o n ( 1 : 3 , 2 ) = 1 / 2 * ( LL . shape . empty ( 1 : 3 , 2 ) +LL . shape . f u l l ( 1 : 3 , 2 ) ) ;
c a s e 4
LL . p o s i t i o n ( 1 6 , 1 ) = 1 / 2 * (LL . shape . empty ( 16 , 1 )+LL . shape . f u l l ( 1 6 , 1 ) ) ;
LL . p o s i t i o n ( 1 6 , 2 ) = 1 / 2 * (LL . shape . empty ( 16 , 2 )+LL . shape . f u l l ( 1 6 , 2 ) ) ;
LL . p o s i t i o n ( 1 : 2 , 1 ) = 1 / 2 * ( LL . shape . empty ( 1 : 2 , 1 ) +LL . shape . f u l l ( 1 : 2 , 1 ) ) ;
LL . p o s i t i o n ( 1 : 2 , 2 ) = 1 / 2 * ( LL . shape . empty ( 1 : 2 , 2 ) +LL . shape . f u l l ( 1 : 2 , 2 ) ) ;
o t h e rw i s e
%do no t h i n g
end
%S u b s t i t u t i o n
T i s s u e s . L e f t _ l u n g =LL ;

RL=T i s s u e s . R i gh t _ l ung ;
RL . p o s i t i o n =[RL . shape . empty ( : ,1)−RL . shape . s t e p ( : , 1 ) * . . .
V e n t i l a t i o n . pulmocycle , RL . shape . empty ( : ,2)−RL . shape . s t e p ( : , 2 ) * V e n t i l a t i o n . pu lmocyc le ] ;
sw i t c h C o l l a p s i o n _ a r e a s . c o l l a p s i o n s . c o l l a p s i o n _ r i g h t _ l u n g
ca s e 1
RL . p o s i t i o n ( 1 2 : 1 5 , 1 ) = 1 / 2 * (RL . shape . empty ( 1 2 : 1 5 , 1 ) +RL . shape . f u l l ( 1 2 : 1 5 , 1 ) ) ;
RL . p o s i t i o n ( 1 2 : 1 5 , 2 ) = 1 / 2 * (RL . shape . empty ( 1 2 : 1 5 , 2 ) +RL . shape . f u l l ( 1 2 : 1 5 , 2 ) ) ;
RL . p o s i t i o n ( 1 : 2 , 1 ) = 1 / 2 * (RL . shape . empty ( 1 : 2 , 1 ) +RL . shape . f u l l ( 1 : 2 , 1 ) ) ;
RL . p o s i t i o n ( 1 : 2 , 2 ) = 1 / 2 * (RL . shape . empty ( 1 : 2 , 2 ) +RL . shape . f u l l ( 1 : 2 , 2 ) ) ;
c a s e 2
RL . p o s i t i o n ( 1 4 : 1 5 , 1 ) = 1 / 2 * (RL . shape . empty ( 1 4 : 1 5 , 1 ) +RL . shape . f u l l ( 1 4 : 1 5 , 1 ) ) ;
RL . p o s i t i o n ( 1 4 : 1 5 , 2 ) = 1 / 2 * (RL . shape . empty ( 1 4 : 1 5 , 2 ) +RL . shape . f u l l ( 1 4 : 1 5 , 2 ) ) ;
RL . p o s i t i o n ( 1 : 2 , 1 ) = 1 / 2 * (RL . shape . empty ( 1 : 2 , 1 ) +RL . shape . f u l l ( 1 : 2 , 1 ) ) ;
RL . p o s i t i o n ( 1 : 2 , 2 ) = 1 / 2 * (RL . shape . empty ( 1 : 2 , 2 ) +RL . shape . f u l l ( 1 : 2 , 2 ) ) ;
c a s e 3
RL . p o s i t i o n ( 1 4 : 1 5 , 1 ) = 1 / 2 * (RL . shape . empty ( 1 4 : 1 5 , 1 ) +RL . shape . f u l l ( 1 4 : 1 5 , 1 ) ) ;
RL . p o s i t i o n ( 1 4 : 1 5 , 2 ) = 1 / 2 * (RL . shape . empty ( 1 4 : 1 5 , 2 ) +RL . shape . f u l l ( 1 4 : 1 5 , 2 ) ) ;
RL . p o s i t i o n ( 1 , 1 : 2 ) = 1 / 2 * (RL . shape . empty ( 1 , 1 : 2 ) +RL . shape . f u l l ( 1 , 1 : 2 ) ) ;
o t h e rw i s e
%do no t h i n g
end
%S u b s t i t u t i o n
T i s s u e s . R i gh t _ l ung=RL ;

H=T i s s u e s . Hea r t . e x t e r i o r ;
H. p o s i t i o n =[H. shape . f u l l ( : , 1 ) +H. shape . s t e p ( : , 1 ) * . . .
C i r c u l a t i o n . c a r d i o _ c y c l e ,H. shape . f u l l ( : , 2 ) +H. shape . s t e p ( : , 2 ) * C i r c u l a t i o n . c a r d i o _ c y c l e ] ;
T i s s u e s . Hea r t . e x t e r i o r =H;
Hin t = T i s s u e s . Hea r t . i n t e r i o r ;
H in t . p o s i t i o n =[ Hin t . shape . f u l l ( : , 1 ) + Hin t . shape . s t e p ( : , 1 ) * . . .
C i r c u l a t i o n . c a r d i o _ c y c l e , H in t . shape . f u l l ( : , 2 ) + Hin t . shape . s t e p ( : , 2 ) * C i r c u l a t i o n . c a r d i o _ c y c l e ] ;
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T i s s u e s . Hea r t . i n t e r i o r =Hin t ;

B=T i s s u e s . Bones ;
f o r bone =1:8
B_k= ev a l ( [ ’B . Bone ’ , num2s t r ( bone ) ] ) ;
B_k . p o s i t i o n =[B_k . shape . empty ( : ,1)−B_k . shape . s t e p ( : , 1 ) * . . .
V e n t i l a t i o n . pulmocycle , B_k . shape . empty ( : ,2)−B_k . shape . s t e p ( : , 2 ) * V e n t i l a t i o n . pu lmocyc le ] ;
sw i t c h bone
ca s e 1
B . Bone1=B_k ;
c a s e 2
B . Bone2=B_k ;
c a s e 3
B . Bone3=B_k ;
c a s e 4
B . Bone4=B_k ;
c a s e 5
B . Bone5=B_k ;
c a s e 6
B . Bone6=B_k ;
c a s e 7
B . Bone7=B_k ;
c a s e 8
B . Bone8=B_k ;
end
%ev a l ( [ ’B . Bone ’ , num2s t r ( k ) ] ) = B_k ;
end
T i s s u e s . Bones=B;
end

f u n c t i o n [ a s s i s t _ p o i n t s , e l e c t r o d e _ c e n t r a l _ p o i n t s , e l e c t r o d e _ e x t e r i o r _ s i d e s ]= dynamic_geometry (N, e l e c t r o d e s , T i s s ue s , C o l l a p s i o n _ a r e a s , f i l e I D )
%Takes t h e c u r r e n t s t e p e l e c t r o d e and T i s s u e p o s i t i o n s
%Gene r a t e s t h e LUA code needed t o d e s i g n them in FEMM
%Re tu r n s t h e e l e c t o d e a s s i s t p o i n t s from where t h e measurements a r e go ing
%to be t a k en l a t e r
LL=T i s s u e s . L e f t _ l u n g ;
RL=T i s s u e s . R i gh t _ l ung ;
H=T i s s u e s . Hea r t ;

i f N==16 %on ly i f 16 e l e c t r o d e s a r e used , a r c s a r e needed
%o t h e rw i s e t h ey on ly i n c r e a s e t h e mesh nodes w i t h ou t impo r t a n t r e a s on
ang l e s 1 =[1 40 10 20 10 20 10 20 10 26 5 26 5 22 .5 1 22 .5 1 ] ;
l e n = l e n g t h ( a ng l e s 1 ) ;
a n g l e s =[ a ng l e s 1 f l i p l r ( a n g l e s 1 ( 1 : l en −1) ) ] ;
end
d= e l e c t r o d e s . d e l e c ;
e l e c t r o d e _ p o s i t i o n = e l e c t r o d e s . p o s i t i o n ;
l e n = l e n g t h ( e l e c t r o d e _ p o s i t i o n . x ) ;
% f i g u r e
% p l o t ( e l e c t r o d e _ p o s i t i o n . x , e l e c t r o d e _ p o s i t i o n . y , ’ o ’ )
% ho ld on
%add t h e e l e c t r o d e p o i n t s
%add t h e e l e c t r o d e p o i n t s
e l e c t r o d e _ c e n t r a l _ p o i n t s = z e r o s ( len , 2 ) ;
e l e c t r o d e _ e x t e r i o r _ s i d e s = z e r o s ( l en , 4 ) ;
e x t a r c =5;
f o r i =1 : l e n
f p r i n t f ( f i l e ID , ’ c i _addnode (%4.2 f ,%4.2 f ) \ n ’ , e l e c t r o d e _ p o s i t i o n . x ( 1 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 1 , i ) ) ;
f p r i n t f ( f i l e ID , ’ c i _addnode (%4.2 f ,%4.2 f ) \ n ’ , e l e c t r o d e _ p o s i t i o n . x ( 2 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 2 , i ) ) ;
%%%%
%add t h e e x t e r i o r e l e c t r o d e volume p o i n t s
%d =0 . 5 ;
x1= e l e c t r o d e _ p o s i t i o n . x ( 1 , i ) ;
y1= e l e c t r o d e _ p o s i t i o n . y ( 1 , i ) ;
x2= e l e c t r o d e _ p o s i t i o n . x ( 2 , i ) ;
y2= e l e c t r o d e _ p o s i t i o n . y ( 2 , i ) ;
a=−d* abs ( x2−x1 ) * ( y2−y1 ) / ( ( x2−x1 )* s q r t ( ( x2−x1 ) ^2+ ( y2−y1 ) ^ 2 ) ) ;
b=d* abs ( x2−x1 ) / s q r t ( ( x2−x1 ) ^2+ ( y2−y1 ) ^ 2 ) ;
i f y2>−3
x3=x1+a ; y3=y1+b ;
x4=x2+a ; y4=y2+b ;
e l s e
x3=x1−a ; y3=y1−b ;
x4=x2−a ; y4=y2−b ;
end
e l e c t r o d e _ c e n t r a l _ p o i n t s ( i , : ) = [ ( x1+x4 ) / 2 ( y1+y4 ) / 2 ] ;
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e l e c t r o d e _ e x t e r i o r _ s i d e s ( i , : ) = [ x3 y3 x4 y4 ] ;
% p l o t ( x3 , y3 , ’ + ’ )
% ho ld on
% p l o t ( x4 , y4 , ’ + ’ )
% ho ld on
f p r i n t f ( f i l e ID , ’ c i _addnode (%4.2 f ,%4.2 f ) \ n ’ , x3 , y3 ) ;
f p r i n t f ( f i l e ID , ’ c i _addnode (%4.2 f ,%4.2 f ) \ n ’ , x4 , y4 ) ;
%connec t ( x1 , y1 ) wi th ( x3 , y3 ) , ( x3 , y3 ) wi th ( x4 , y4 ) and ( x2 , y2 ) wi th
%(x4 , y4 ) ( g i v e d imens i on s t o t h e e l e c t r o d e s )
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , x1 , y1 , x3 , y3 ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d a r c (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f , 1 ) \ n ’ , x4 , y4 , x3 , y3 , e x t a r c ) ;
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , x2 , y2 , x4 , y4 ) ;
%%%%
end
%f p r i n t f ( ’%4.4 f ,%4.4 f \ n ’ , e l e c t r o d e _ c e n t r a l _ p o i n t s ( 8 , 1 ) , e l e c t r o d e _ c e n t r a l _ p o i n t s ( 8 , 2 ) )

%connec t t h e e l e c t r o d e s wi th a r c s i f N=16 or s t r a i g h t i f N=32 or 64
f o r i = 1 : 1 : l e n
i n e x t = i +1;
i f i == l e n
i n e x t =1 ;
end
i f N==16
f p r i n t f ( f i l e ID , ’ c i _ a d d a r c (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f , 1 ) \ n ’ , e l e c t r o d e _ p o s i t i o n . x ( 1 , i n e x t ) , e l e c t r o d e _ p o s i t i o n . y ( 1 , i n e x t ) , e l e c t r o d e _ p o s i t i o n . x ( 2 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 2 , i ) , a n g l e s (2* i ) ) ;
e l s e
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , e l e c t r o d e _ p o s i t i o n . x ( 1 , i n e x t ) , e l e c t r o d e _ p o s i t i o n . y ( 1 , i n e x t ) , e l e c t r o d e _ p o s i t i o n . x ( 2 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 2 , i ) ) ;
end
end
%connec t t h e 2 p o i n t s o f each e l e c t r o d e wi th a r c s
i f N==16
f o r i = 1 : 1 : l e n
f p r i n t f ( f i l e ID , ’ c i _ a d d a r c (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f , 1 ) \ n ’ , e l e c t r o d e _ p o s i t i o n . x ( 2 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 2 , i ) , e l e c t r o d e _ p o s i t i o n . x ( 1 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 1 , i ) , a n g l e s (2* i −1)) ;
end
e l s e
f o r i = 1 : 1 : l e n
f p r i n t f ( f i l e ID , ’ c i _ a d d a r c (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f , 1 ) \ n ’ , e l e c t r o d e _ p o s i t i o n . x ( 2 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 2 , i ) , e l e c t r o d e _ p o s i t i o n . x ( 1 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 1 , i ) , 1 0 ) ;
end
end

%add t h e l e f t _ l u n g p o i n t s and connec t them
t i s s u e _ma r k e r ( f i l e ID , LL . p o s i t i o n ) ;
%now add t h e segment t h a t s e p a r a t e s t h e main lung from t h e c o l l a p s e a r e a
%%add t h e LEFT lung ’ s c o l l a p s e d a r e a
co l l a p s ed_bounda ry_make r ( f i l e ID , LL . p o s i t i o n , C o l l a p s i o n _ a r e a s . c r o s s _ p o i n t s . l e f t _ l u n g ) ;

%add t h e r i g h t _ l u n g p o i n t s and connec t them
%add t h e l e f t _ l u n g p o i n t s and connec t them
t i s s u e _ma r k e r ( f i l e ID ,RL . p o s i t i o n ) ;
%%add t h e r i g h t lung ’ s c o l l a p s e d a r e a
co l l a p s ed_bounda ry_make r ( f i l e ID ,RL . p o s i t i o n , C o l l a p s i o n _ a r e a s . c r o s s _ p o i n t s . r i g h t _ l u n g ) ;

%add t h e Hear t ’ s e x t e r i o r p o i n t s and connec t them
t i s s u e _ma r k e r ( f i l e ID ,H. e x t e r i o r . p o s i t i o n ) ;

%add t h e Hear t ’ s i n t e r i o r p o i n t s and connec t them
t i s s u e _ma r k e r ( f i l e ID ,H. i n t e r i o r . p o s i t i o n ) ;

%add each Bone ’ s p o i n t s and connec t them
f o r k =1:8
B_k= ev a l ( [ ’ T i s s u e s . Bones . Bone ’ num2s t r ( k ) ] ) ;
t i s s u e _ma r k e r ( f i l e ID , B_k . p o s i t i o n ) ;
end

%connec t f a t boundary p o i n t s
B1p=T i s s u e s . Bones . Bone1 . p o s i t i o n ;
B2p=T i s s u e s . Bones . Bone2 . p o s i t i o n ;
%from 3 rd p o i n t o f 1 s t Bone t o 1 s t p o i n t o f 2nd Bone
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , B1p ( 3 , 1 ) , B1p ( 3 , 2 ) , B2p ( 1 , 1 ) , B2p ( 1 , 2 ) ) ;
B3p=T i s s u e s . Bones . Bone3 . p o s i t i o n ;
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , B2p ( 4 , 1 ) , B2p ( 4 , 2 ) , B3p ( 1 , 1 ) , B3p ( 1 , 2 ) ) ;
B4p=T i s s u e s . Bones . Bone4 . p o s i t i o n ;
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , B3p ( 9 , 1 ) , B3p ( 9 , 2 ) , B4p ( 1 , 1 ) , B4p ( 1 , 2 ) ) ;
B5p=T i s s u e s . Bones . Bone5 . p o s i t i o n ;
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , B4p ( 4 , 1 ) , B4p ( 4 , 2 ) , B5p ( 2 , 1 ) , B5p ( 2 , 2 ) ) ;
B6p=T i s s u e s . Bones . Bone6 . p o s i t i o n ;
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , B5p ( 1 , 1 ) , B5p ( 1 , 2 ) , B6p ( 1 , 1 ) , B6p ( 1 , 2 ) ) ;
B7p=T i s s u e s . Bones . Bone7 . p o s i t i o n ;
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f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , B6p ( 4 , 1 ) , B6p ( 4 , 2 ) , B7p ( 1 , 1 ) , B7p ( 1 , 2 ) ) ;
B8p=T i s s u e s . Bones . Bone8 . p o s i t i o n ;
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , B7p ( 4 , 1 ) , B7p ( 4 , 2 ) , B8p ( 1 , 1 ) , B8p ( 1 , 2 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , B8p ( 4 , 1 ) , B8p ( 4 , 2 ) , B1p ( 4 , 1 ) , B1p ( 4 , 2 ) ) ;

%d e r i v e a s s i s t p o i n t s
l e n = l e n g t h ( e l e c t r o d e _ p o s i t i o n . x ) ;
a s s i s t _ p o i n t s = z e r o s ( len , 2 ) ;
f o r i =1 : l e n
mid1 =( e l e c t r o d e _ p o s i t i o n . x ( 1 , i )+ e l e c t r o d e _ p o s i t i o n . x ( 2 , i ) ) / 2 ;
mid2 =( e l e c t r o d e _ p o s i t i o n . y ( 1 , i )+ e l e c t r o d e _ p o s i t i o n . y ( 2 , i ) ) / 2 ;
a s s i s t _ p o i n t s ( i , : ) = [ mid1 mid2 ] ;
end
end

f u n c t i o n [ ] = t i s s u e _ma r k e r ( f i l e ID , P o s i t i o n s )
% t a k e s t h e s p e c i f i c t i s s u e p o s i t i o n p o i n t s a t t h e c u r r e n t t ime s t e p
% w r i t e s t h e LUA code f o r t h e s p e c i f i c t i s s u e d e s i g n i n FEMM
len = l e n g t h ( P o s i t i o n s ) ;
f o r i =1 : l e n
f p r i n t f ( f i l e ID , ’ c i _addnode (%4.2 f ,%4.2 f ) \ n ’ , P o s i t i o n s ( i , 1 ) , P o s i t i o n s ( i , 2 ) ) ;
i f i >1
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , P o s i t i o n s ( i −1 ,1) , P o s i t i o n s ( i −1 ,2) , P o s i t i o n s ( i , 1 ) , P o s i t i o n s ( i , 2 ) ) ;
end
i f i == l e n
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , P o s i t i o n s ( i , 1 ) , P o s i t i o n s ( i , 2 ) , P o s i t i o n s ( 1 , 1 ) , P o s i t i o n s ( 1 , 2 ) ) ;
end
end
end

f u n c t i o n [ ] = co l l a p s ed_bounda ry_make r ( f i l e ID , P o s i t i o n , C r o s s _ p o i n t s )
% t a k e s t h e (R or L ) lung ’ s t i s s u e p o s i t i o n p o i n t s a t t h e c u r r e n t t ime s t e p and
% th e c o l l a p s i o n a rea ’ s c r o s s p o i n t s
% w r i t e s t h e LUA code f o r t h e s p e c i f i c c o l l a p s e a r e a boundary d e s i g n i n FEMM
f p r i n t f ( f i l e ID , ’ c i _addsegmen t (%4.2 f ,%4.2 f ,%4.2 f ,%4.2 f ) \ n ’ , P o s i t i o n ( C r o s s _ p o i n t s ( 1 ) , 1 ) , . . .
P o s i t i o n ( C r o s s _ p o i n t s ( 1 ) , 2 ) , P o s i t i o n ( C r o s s _ p o i n t s ( 2 ) , 1 ) , P o s i t i o n ( C r o s s _ p o i n t s ( 2 ) , 2 ) ) ;
end

f u n c t i o n [LLCC,RLCC,CALCC,CARCC, STCC , Xbone , Ybone , Xfat , Yfat , Xint , Yint , Xext , Yext ] = . . .
a d dm a t e r i a l _ l a b e l s ( T i s su e s , V e n t i l a t i o n , C i r c u l a t i o n , Co l l a p s i o n _ a r e a s , f i l e ID , r , k , e l e c t r o d e _ c e n t r a l _ p o i n t s )
%adds m a t e r i a l l a b e l s i n a p o i n t t h a t i s i n t h e c o r r e s p o n d i n g t i s s u e a r e a
%( i n FEMM)
%each t i s s u e dynamic shape c e n t r o i d i s s e l e c t e d f o r t h e c o r r e s p o n d i n g
%ma t e r i a l l a b e l
%Le f t Lung P r o p e r t i e s
[ LLccx , LLccy ]= f i n d _ c e n t r o i d ( T i s s u e s . L e f t _ l u n g . p o s i t i o n ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , LLccx , LLccy ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , LLccx , LLccy ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Lung s _ s t a t e _%d_%d ” ,1 ,” <None >” ,” <None > ” ) \ n ’ , V e n t i l a t i o n . pulmocycle , C i r c u l a t i o n . c a r d i o _ c y c l e ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
%s e t l e f t l ung c o l l a p s i o n a r e a
i f C o l l a p s i o n _ a r e a s . c o l l a p s i o n s . c o l l a p s i o n _ l e f t _ l u n g ~=0
CACCL=Co l l a p s i o n _ a r e a s . c r o s s _ p o i n t s . l e f t _ l u n g ;
CAL=[ T i s s u e s . L e f t _ l u n g . p o s i t i o n (CACCL( 2 ) : 1 : l e n g t h ( T i s s u e s . L e f t _ l u n g . p o s i t i o n ( : , 1 ) ) , : ) ; T i s s u e s . L e f t _ l u n g . p o s i t i o n ( 1 :CACCL ( 1 ) , : ) ] ;
[ CALccx , CALccy ]= f i n d _ c e n t r o i d (CAL ) ;
CALCC=[CALccx CALccy ] ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , CALccx , CALccy ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , CALccx , CALccy ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Lungs ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
e l s e
CALCC= [ ] ;
end
%Righ t Lung P r o p e r t i e s
[ RLccx , RLccy ]= f i n d _ c e n t r o i d ( T i s s u e s . R i gh t _ l ung . p o s i t i o n ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , RLccx , RLccy ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , RLccx , RLccy ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Lung s _ s t a t e _%d_%d ” ,1 ,” <None >” ,” <None > ” ) \ n ’ , V e n t i l a t i o n . pulmocycle , C i r c u l a t i o n . c a r d i o _ c y c l e ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
i f C o l l a p s i o n _ a r e a s . c o l l a p s i o n s . c o l l a p s i o n _ r i g h t _ l u n g ~=0
%s e t r i g h t l ung c o l l a p s i o n a r e a
CACCR=Co l l a p s i o n _ a r e a s . c r o s s _ p o i n t s . r i g h t _ l u n g ;
CAR=[ T i s s u e s . R i gh t _ l ung . p o s i t i o n (CACCR( 2 ) : 1 : l e n g t h ( T i s s u e s . R i gh t _ l ung . p o s i t i o n ( : , 1 ) ) , : ) ; T i s s u e s . R i gh t _ l ung . p o s i t i o n ( 1 :CACCR ( 1 ) , : ) ] ;
[ CARccx , CARccy]= f i n d _ c e n t r o i d (CAR) ;
CARCC=[CARccx CARccy ] ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , CARccx , CARccy ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , CARccx , CARccy ) ;
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f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Lungs ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
e l s e
CARCC= [ ] ;
end

%I n t e r n a l Hea r t P r o p e r t i e s
I n t P o s = T i s s u e s . Hea r t . i n t e r i o r . p o s i t i o n ;
X in t =( I n t P o s ( 1 , 1 )+ I n t P o s ( 5 , 1 ) ) / 2 ;
Y in t =( I n t P o s ( 1 , 2 )+ I n t P o s ( 5 , 2 ) ) / 2 ;

f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xint , Y in t ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xint , Y in t ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” H e a r t _ s t a t e _%d ” ,1 ,” <None >” ,” <None > ” ) \ n ’ , C i r c u l a t i o n . c a r d i o _ c y c l e ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%Ex t e r n a l Hea r t P r o p e r t i e s
ExPose= T i s s u e s . Hea r t . e x t e r i o r . p o s i t i o n ;
Xext =( ExPose ( 4 , 1 )+ ExPose ( 9 , 1 ) ) / 2 ;
Yext =( ExPose ( 4 , 2 )+ ExPose ( 9 , 2 ) ) / 2 ;

f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xext , Yext ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xext , Yext ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Miocardium ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%Bone p r o p e r t i e s
%Bone 7 ( down )
Bonepos7=T i s s u e s . Bones . Bone7 . p o s i t i o n ;
[ Xbone7 , Ybone7 ]= f i n d _ c e n t r o i d ( Bonepos7 ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone7 , Ybone7 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone7 , Ybone7 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Bone ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%Bone 6
Bonepos6=T i s s u e s . Bones . Bone6 . p o s i t i o n ;
[ Xbone6 , Ybone6 ]= f i n d _ c e n t r o i d ( Bonepos6 ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone6 , Ybone6 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone6 , Ybone6 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Bone ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%Bone 5
Bonepos5=T i s s u e s . Bones . Bone5 . p o s i t i o n ;
[ Xbone5 , Ybone5 ]= f i n d _ c e n t r o i d ( Bonepos5 ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone5 , Ybone5 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone5 , Ybone5 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Bone ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%Bone 4
Bonepos4=T i s s u e s . Bones . Bone4 . p o s i t i o n ;
[ Xbone4 , Ybone4 ]= f i n d _ c e n t r o i d ( Bonepos4 ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone4 , Ybone4 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone4 , Ybone4 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Bone ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%Bone 3
Bonepos3=T i s s u e s . Bones . Bone3 . p o s i t i o n ;
[ Xbone3 , Ybone3 ]= f i n d _ c e n t r o i d ( Bonepos3 ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone3 , Ybone3 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone3 , Ybone3 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Bone ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%Bone 2
Bonepos2=T i s s u e s . Bones . Bone2 . p o s i t i o n ;
[ Xbone2 , Ybone2 ]= f i n d _ c e n t r o i d ( Bonepos2 ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone2 , Ybone2 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone2 , Ybone2 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Bone ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%Bone 1
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Bonepos1=T i s s u e s . Bones . Bone1 . p o s i t i o n ;
[ Xbone1 , Ybone1 ]= f i n d _ c e n t r o i d ( Bonepos1 ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone1 , Ybone1 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone1 , Ybone1 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Bone ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%Bone 8
Bonepos8=T i s s u e s . Bones . Bone8 . p o s i t i o n ;
[ Xbone8 , Ybone8 ]= f i n d _ c e n t r o i d ( Bonepos8 ) ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone8 , Ybone8 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone8 , Ybone8 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Bone ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

Xbone =[Xbone1 Xbone2 Xbone3 Xbone4 Xbone5 Xbone6 Xbone7 Xbone8 ] ;
Ybone =[Ybone1 Ybone2 Ybone3 Ybone4 Ybone5 Ybone6 Ybone7 Ybone8 ] ;

% STccx=−k * 6 . 7 ;
% STccy=−k * 1 5 . 5 ;
STccx =(Xbone (6 )+ T i s s u e s . L e f t _ l u n g . p o s i t i o n ( 1 5 , 1 ) ) / 2 ;
STccy =(Ybone (6 )+ T i s s u e s . L e f t _ l u n g . p o s i t i o n ( 1 5 , 2 ) ) / 2 ;
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , STccx , STccy ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , STccx , STccy ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” S o f t _ t i s s u e _ s t a t e _%d ” ,1 ,” <None >” ,” <None > ” ) \ n ’ , C i r c u l a t i o n . c a r d i o _ c y c l e ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
STCC=[ STccx STccy ] ;

Xfa t =( Bonepos6 ( 3 , 1 )+ Bonepos7 ( 2 , 1 ) ) / 2 ;
Yfa t =( Bonepos6 ( 3 , 2 )+ Bonepos7 ( 2 , 2 ) ) / 2 ;
%f a t p r o p e r t i e s
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xfat , Yfa t ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xfat , Yfa t ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Fa t ” ,1 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;

%%%e l e c t r o d e s
f o r e l e c t r o d e =1: l e n g t h ( e l e c t r o d e _ c e n t r a l _ p o i n t s ( : , 1 ) )
f p r i n t f ( f i l e ID , ’ c i _ a d d b l o c k l a b e l (%4.2 f ,%4.2 f ) \ n ’ , . . .
e l e c t r o d e _ c e n t r a l _ p o i n t s ( e l e c t r o d e , 1 ) , e l e c t r o d e _ c e n t r a l _ p o i n t s ( e l e c t r o d e , 2 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , . . .
e l e c t r o d e _ c e n t r a l _ p o i n t s ( e l e c t r o d e , 1 ) , e l e c t r o d e _ c e n t r a l _ p o i n t s ( e l e c t r o d e , 2 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t b l o c k p r o p ( ” Z e l e c t r o d e %2.0 f ” ,1 ,” <None >” ,” <None > ” ) \ n ’ , e l e c t r o d e ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
end

LLCC=[ LLccx LLccy ] ;
RLCC=[RLccx RLccy ] ;

end

f u n c t i o n [ ccx , ccy ]= f i n d _ c e n t r o i d ( Shape )
po lyShape= po l y shape ( [ Shape ( : , 1 ) ; Shape ( 1 , 1 ) ] , [ Shape ( : , 2 ) ; Shape ( 1 , 2 ) ] ) ;
[ ccx , ccy ]= c e n t r o i d ( po lyShape ) ;
end

f u n c t i o n s e t _ c u r r e n t _ s o u r c e (N, s k i p c u r r , a s s i s t _ p o i n t s , count , f i l e ID , e l e c t r o d e _ e x t e r i o r _ s i d e s )
k= s k i p c u r r +1;
%s e t i n p u t c u r r e n t e l e c t r o d e
% f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , a s s i s t _ p o i n t s ( count , 1 ) , a s s i s t _ p o i n t s ( count , 2 ) ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,” I i n ” ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 1 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 3 ) ) / 2 , . . .
( e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 2 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 4 ) ) / 2 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,” I i n ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e l e c t s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 1 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 3 ) ) / 2 , . . .
% ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 2 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 4 ) ) / 2 ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e t s e gmen t p r o p (4 ,” <None >” ,0 ,” <None >” ,” I i n ” ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
i f coun t +k<=N
nex t = coun t +k ;
e l s e
n ex t = coun t +k−N;
end
%s e t o u t p u t c u r r e n t e l e c t r o d e
% f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , a s s i s t _ p o i n t s ( nex t , 1 ) , a s s i s t _ p o i n t s ( nex t , 2 ) ) ;
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% f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,” I o u t ” ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 1 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 3 ) ) / 2 , . . .
( e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 2 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 4 ) ) / 2 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,” I i n ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e l e c t s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 1 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 3 ) ) / 2 , . . .
% ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 2 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 4 ) ) / 2 ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e t s e gmen t p r o p (4 ,” <None >” ,0 ,” <None >” ,” I o u t ” ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
end

f u n c t i o n s e t _ r e f e r e n c e (N, s k i p c u r r , a s s i s t _ p o i n t s , count , f i l e ID , e l e c t r o d e _ e x t e r i o r _ s i d e s )
k= s k i p c u r r +1;
%s e t a ground r e f e r e n c e
i f coun t +k+1<=N
r e f = coun t +k +1;
e l s e
r e f = coun t +k+1−N;
end
% f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , a s s i s t _ p o i n t s ( r e f , 1 ) , a s s i s t _ p o i n t s ( r e f , 2 ) ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p ( 4 , ” Ground ” ,0 ,” <None >” ,” <None > ” ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 1 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 3 ) ) / 2 , . . .
( e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 2 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 4 ) ) / 2 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p ( 4 , ” Ground ” ,0 ,” <None >” ,” <None > ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e l e c t s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 1 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 3 ) ) / 2 , . . .
% ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 2 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 4 ) ) / 2 ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e t s e gmen t p r o p ( 4 , ” Ground ” ,0 ,” <None >” ,” <None > ” ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
end

f u n c t i o n [ ] = s a v e _ p r o c e s s ( d , f i l e ID , f o l d s )
f p r i n t f ( f i l e ID , ’ c i _ s a v e a s (”% s%s _ t e s t %.0 f . f e e ” ) \ n ’ , f o l d s , d a t e ( ) , d ) ;
f p r i n t f ( f i l e ID , ’ c i _ c r e a t eme s h ( ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ s a v e a s (”% s%s _ t e s t %.0 f . f e e ” ) \ n ’ , f o l d s , d a t e ( ) , d ) ;
f p r i n t f ( f i l e ID , ’ c i _ s a v e a s (”% s%s _ t e s t %.0 f . f e c ” ) \ n ’ , f o l d s , d a t e ( ) , d ) ;
f p r i n t f ( f i l e ID , ’ c i _ a n a l y z e ( 0 ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ l o a d s o l u t i o n ( ) \ n ’ ) ;
end

f u n c t i o n mea s u r e _vo l t a g e s (N, e l e c t r o d e _ p o s i t i o n , d , t ime s t e p , f i l e ID , e l e c t r o d e _ e x t e r i o r _ s i d e s , f o l d s )
%w r i t e s LUA commands i n o r d e r t o measure t h e e l e c t r o d e v o l t a g e s
o = [ ] ;
f o r i =1 :N
f p r i n t f ( f i l e ID , ’ co_addcon tou r (%4.2 f ,%4.2 f ) \ n ’ , e l e c t r o d e _ e x t e r i o r _ s i d e s ( i , 1 ) , e l e c t r o d e _ e x t e r i o r _ s i d e s ( i , 2 ) ) ;
f p r i n t f ( f i l e ID , ’ co_addcon tou r (%4.2 f ,%4.2 f ) \ n ’ , e l e c t r o d e _ e x t e r i o r _ s i d e s ( i , 3 ) , e l e c t r o d e _ e x t e r i o r _ s i d e s ( i , 4 ) ) ;
f p r i n t f ( f i l e ID , ’ co_makep lo t ( 0 , 1 0 , 0 ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ co_makep lo t (0 ,%.0 f ,”% s%s _ t e s t %.0 f _Vo l t a g e s%d_%d . t x t ” , 0 ) \ n ’ ,N, f o l d s , d a t e ( ) , d , t ime s t e p , i ) ;
f p r i n t f ( f i l e ID , ’ c o _ c l e a r c o n t o u r ( ) \ n ’ ) ;
end
f p r i n t f ( f i l e ID , ’ c o _ c l o s e ( ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i_pu rgemesh ( ) \ n ’ ) ;
pause ( 0 . 1 )
end

f u n c t i o n [ V e n t i l a t i o n , C i r c u l a t i o n , t o t a l _ p o s i t i o n s , t imes , S i l e n c e s , T i s s ue s , e l e c t r o d e s , r , k ] = . . .
u p d a t e _ c y c l e _ s t a t e s (N, V e n t i l a t i o n , C i r c u l a t i o n , . . .
t o t a l _ p o s i t i o n s , t imes , S i l e n c e s , T i s s u e s , t ime , e l e c t r o d e s , r , k , f r equency , end_Admi t t ances , de l e c , randomcond )
%upd a t e s b r e a t h and c a r d i a c c y c l e i n d i c a t o r s
%upd a t e s b r e a t h and c a r d i a c c y c l e d u r a t i o n s and t i s s u e s d i s c r e t e p o s i t i o n s
%a f t e r t h e end of a c o r r e s p o d i n g c y c l e
%c a l l e d i n each f o r loop i t e r a t i o n

V e n t i l a t i o n . pu lmocyc le= V e n t i l a t i o n . pu lmocyc le+ V e n t i l a t i o n . pu lmcoun t e r ;
C i r c u l a t i o n . c a r d i o _ c y c l e = C i r c u l a t i o n . c a r d i o _ c y c l e + C i r c u l a t i o n . c a r d c o u n t e r ;

% p l o t ( t ime , V e n t i l a t i o n . pulmocycle , ’ b * ’ )
% ho ld on
% p l o t ( t ime , C i r c u l a t i o n . c a r d i o _ c y c l e , ’ r * ’ )
% ho ld on
% i f pulmonary c y c l e r e a c h e s l e f t / r i g h t l im i t , change t h e i n d i c a t o r
i f V e n t i l a t i o n . pulmocycle > t o t a l _ p o s i t i o n s . t o t a l _ p o s i t i o n s −1
V e n t i l a t i o n . pu lmcoun t e r=−V e n t i l a t i o n . pu lmcoun t e r ;
end
% i f pulmonary c y c l e i s a t 1 and b r e a t h pau s i ng has no t s t a r t e d
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% s t a r t t h e pause d u r a t i o n
i f ( V e n t i l a t i o n . pulmocycle <2)&&( S i l e n c e s . s i l e n c e ==0)
%r e l a x i n g t ime between 0 and 1 seconds
i f randomcond==1
S i l e n c e s . r e l a x i n g _ t im e = rand ( 1 ) ;
e l s e
S i l e n c e s . r e l a x i n g _ t im e =0 . 3 ;
end
%pause b r e a t h i n g
S i l e n c e s . s i l e n c e =1;
%s t o r e t h e t ime p o i n t pause s t a r t e d
S i l e n c e s . t i m e _ s i l _ s t a r t = t ime ;
% ze ro t h e i n d i c a t o r d u r i n g r e l a x i n g t ime
V e n t i l a t i o n . pu lmcoun t e r =0 ;
end
% i f r e l a x i n g t ime has come t o an end
% s t o p pau s i ng and r e d e f i n e b r e a t h i g t ime
i f ( S i l e n c e s . t i m e _ s i l _ s t a r t + S i l e n c e s . r e l a x i n g _ t im e <= t ime )&&( S i l e n c e s . s i l e n c e ==1)
%b r e a t h p e r i o d w i l l change up t o 20% a t upcoming c y c l e
i f randomcond==1
t ime s . t b r = t ime s . t b r +0 .2*2* ( round ( r and (1 ,1) )−1)* rand ( 1 ) * t ime s . t b r ;
e l s e
t ime s . t b r =1 .2* t ime s . t b r ;
end
%%p o s i t i v e pulmonary c y c l e i n d i c a t o r
%to s t a r t t h e upcoming b r e a t h c y c l e
V e n t i l a t i o n . pu lmcoun t e r =1 ;
%s t o p pau s i ng
S i l e n c e s . s i l e n c e =0;
%no more r e l a x !
S i l e n c e s . t i m e _ s i l _ s t a r t =−1;
S i l e n c e s . r e l a x i n g _ t im e =−1;
%new p o s i t i o n s t e p f o r t i s s u e s
t o t a l _ p o s i t i o n s . dy=2*1* t ime s . t im / (N* t ime s . t b r ) ; %DY=1
%which changes t o t a l p o s s i b l e p o s i t i o n s
%no t t h e i r b o und a r i e s
%bu t t h e i r p o s s i b l e p o s i t i o n s !
t o t a l _ p o s i t i o n s . t o t a l _ p o s i t i o n s =1/ t o t a l _ p o s i t i o n s . dy +1; %Dy=1
%t h i s e i t h e r changes t h e p o s s i b l e t i s s u e c o n d u c t i v i t i e s s t a t e s ! !
%and e i t h e r t h e t i s s u e p o s s i b l e p o s i t i o n s ! !
%( l ung s and f r o n t bones )
[ T i s s u e s . Le f t _ l ung , T i s s u e s . R igh t_ lung , T i s s u e s . Hear t , T i s s u e s . Muscles , T i s s u e s . Bones , r , k ] = . . .
d e f i n e _ t i s s u e s ( r , k , t imes , t o t a l _ p o s i t i o n s , 1 , f r equency , end_Admi t t ances , randomcond , T i s s u e s ) ;
f p r i n t f ( ’ P o s i t i o n s have been r e d e f i n e d ! \ n ’ ) ;
%e i t h e r t h e p o s s i b l e ( bu t no t t h e l i m i t s ) o f t h e e l e c t r o d e
%p o s i t i o n s !
[ e l e c t r o d e s . e l e c t r o d e _ a v e r a g e , e l e c t r o d e s . e l e c t r o d e _ p o s s i b l e ]= e l e c t r o d e s _ p r e s e t (N, 1 , t o t a l _ p o s i t i o n s . dy , de l e c , k ) ; %Dy=1
%and e i t h e r t h e t i s s u e p o s s i b l e p o s i t i o n s ! !
%( l ung s and f r o n t bones )
end
%i f c a r d i o c y c l e r e a c h e s l e f t / r i g h t l i m i t
%change t h e i n d i c a t o r
i f C i r c u l a t i o n . c a r d i o _ c y c l e > t ime s . pu l s e_du r−1
C i r c u l a t i o n . c a r d c o u n t e r=−C i r c u l a t i o n . c a r d c o u n t e r ;
end
i f C i r c u l a t i o n . c a r d i o _ c y c l e <2
%i f l e f t l i m i t r e a ched
%change t h e i n d i c a t o r
C i r c u l a t i o n . c a r d c o u n t e r=−C i r c u l a t i o n . c a r d c o u n t e r ;
%and add one c a r d i o b e a t !
S i l e n c e s . c a r d i o b e a t s = S i l e n c e s . c a r d i o b e a t s +1 ;
f p u l s e =1/ t ime s . Tpu l s e ;
i f mod ( S i l e n c e s . c a r d i o b e a t s , 3 )==0 %h e a r t rythm change up t o 3% each 3 b e a t s
%d e f i n e new h e a r t rythm eve ry s t a r t a f t e r 3 c a r d i o b e a t s
i f randomcond==1
f p u l s e = f p u l s e +0 .03*2* ( round ( r and (1 ,1) )−1)* rand ( 1 ) * f p u l s e ;
e l s e
f p u l s e = f p u l s e * 1 . 0 3 ;
end
t ime s . Tpu l s e =1/ f p u l s e ;
%r e d e f i n i n g t h e c a r d i o f r e qu en cy
%ALSO l e a d s t o r e d e f i n e t h e p o s s i b l e t i s s u e c o n d u c t i v i t y
%s t a t e s !
%and p o s i t i o n s ! ( o f t h e h e a r t )
%bu t no t any change a t l i m i t s !
%i n c r e a s i n g f r e qu en cy l e a d s t o l e s s p o s i t i o n s
%they have l e s s t ime t o come a c r o s s t h e l i m i t s
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%thu s t h ey have t o ” jump” more
%t h i s i n c r e a s e s t h e s t e p !
%and d e c r e a s e s t h e kwan t i z ed p o s i t i o n s
f p r i n t f ( ’ Ca rd io has been r e d e f i n e d ! \ n ’ ) ;
t ime s . p u l s e _ du r =2* t o t a l _ p o s i t i o n s . t o t a l _ p o s i t i o n s * ( t ime s . t b r / t ime s . Tpu l s e )^(−1) ;
[ T i s s u e s . Le f t _ l ung , T i s s u e s . R igh t_ lung , T i s s u e s . Hear t , T i s s u e s . Muscles , T i s s u e s . Bones , r , k ] = . . .
d e f i n e _ t i s s u e s ( r , k , t imes , t o t a l _ p o s i t i o n s , 1 , f r equency , end_Admi t t ances , randomcond , T i s s u e s ) ;
end
end
end

f u n c t i o n [ ] = u n s e t _ c u r r e n t _ s o u r c e (N, f i l e ID , k , a s s i s t _ p o i n t s , count , e l e c t r o d e _ e x t e r i o r _ s i d e s )
%un s e t i n p u t c u r r e n t e l e c t r o d e
% f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , a s s i s t _ p o i n t s ( count , 1 ) , a s s i s t _ p o i n t s ( count , 2 ) ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,” <None > ” ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 1 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 3 ) ) / 2 , . . .
( e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 2 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( count , 4 ) ) / 2 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,”None ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
i f coun t +k<=N
nex t = coun t +k ;
e l s e
n ex t = coun t +k−N;
end
%un s e t o u t p u t c u r r e n t e l e c t r o d e
% f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , a s s i s t _ p o i n t s ( nex t , 1 ) , a s s i s t _ p o i n t s ( nex t , 2 ) ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,” <None > ” ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 1 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 3 ) ) / 2 , . . .
( e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 2 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( nex t , 4 ) ) / 2 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,”None ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
end

f u n c t i o n u n s e t _ r e f e r e n c e (N, f i l e ID , k , a s s i s t _ p o i n t s , count , e l e c t r o d e _ e x t e r i o r _ s i d e s )
%un s e t ground r e f e r e n c e
i f coun t +k+1<=N
r e f = coun t +k +1;
e l s e
r e f = coun t +k+1−N;
end
% f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , a s s i s t _ p o i n t s ( r e f , 1 ) , a s s i s t _ p o i n t s ( r e f , 2 ) ) ;
% f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,” <None > ” ) \ n ’ ) ;
% f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t a r c s e gm e n t (%4.2 f ,%4.2 f ) \ n ’ , ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 1 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 3 ) ) / 2 , . . .
( e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 2 ) + e l e c t r o d e _ e x t e r i o r _ s i d e s ( r e f , 4 ) ) / 2 ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e t a r c s e gme n t p r o p (4 ,” <None >” ,0 ,” <None >” ,”None ” ) \ n ’ ) ;
f p r i n t f ( f i l e ID , ’ c i _ c l e a r s e l e c t e d ( ) \ n ’ ) ;
end

f u n c t i o n [ ] = undo_dynamic_geometry ( T i s sue s , f i l e ID , e l e c t r o d e _ p o s i t i o n , e l e c t r o d e _ e x t e r i o r _ s i d e s )
l e n = l e n g t h ( e l e c t r o d e _ p o s i t i o n . x ) ;
LL=T i s s u e s . L e f t _ l u n g . p o s i t i o n ;
RL=T i s s u e s . R i gh t _ l ung . p o s i t i o n ;
H=T i s s u e s . Hea r t . e x t e r i o r . p o s i t i o n ;
H in t = T i s s u e s . Hea r t . i n t e r i o r . p o s i t i o n ;
B=T i s s u e s . Bones ;
%s e l e c t t h e e l e c t r o d e p o i n t s
f o r i =1 : l e n
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t n o d e (%4.2 f ,%4.2 f ) \ n ’ , e l e c t r o d e _ p o s i t i o n . x ( 1 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 1 , i ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t n o d e (%4.2 f ,%4.2 f ) \ n ’ , e l e c t r o d e _ p o s i t i o n . x ( 2 , i ) , e l e c t r o d e _ p o s i t i o n . y ( 2 , i ) ) ;
end
%s e l e c t t h e l e f t _ l u n g p o i n t s
l e n = l e n g t h (LL ) ;
f o r i =1 : l e n
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t n o d e (%4.2 f ,%4.2 f ) \ n ’ , LL( i , 1 ) , LL( i , 2 ) ) ;
end
%s e l e c t t h e r i g h t _ l u n g p o i n t s
l e n = l e n g t h (RL ) ;
f o r i =1 : l e n
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t n o d e (%4.2 f ,%4.2 f ) \ n ’ ,RL( i , 1 ) , RL( i , 2 ) ) ;
end
%s e l e c t t h e Hear t ’ s p o i n t s
l e n = l e n g t h (H ) ;
f o r i =1 : l e n
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t n o d e (%4.2 f ,%4.2 f ) \ n ’ ,H( i , 1 ) ,H( i , 2 ) ) ;
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end
l e n = l e n g t h ( H in t ) ;
f o r i =1 : l e n
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t n o d e (%4.2 f ,%4.2 f ) \ n ’ , H in t ( i , 1 ) , H in t ( i , 2 ) ) ;
end
%s e l e c t each Bone ’ s p o i n t s
f o r k =1:8
l e n = l e n g t h ( e v a l ( [ ’B . Bone ’ num2s t r ( k ) ’ . p o s i t i o n ( : , 1 ) ’ ] ) ) ;
f o r i =1 : l e n
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t n o d e (%4.2 f ,%4.2 f ) \ n ’ , e v a l ( [ ’B . Bone ’ num2s t r ( k ) ’ . p o s i t i o n ( i , 1 ) ’ ] ) , e v a l ( [ ’B . Bone ’ num2s t r ( k ) ’ . p o s i t i o n ( i , 2 ) ’ ] ) ) ;
end
end
%%%s e l e c t e l e c t r o d e e x t e r n a l p o i n t s
f o r e l e c t r o d e =1: l e n g t h ( e l e c t r o d e _ e x t e r i o r _ s i d e s ( : , 1 ) )
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t n o d e (%4.2 f ,%4.2 f ) \ n ’ , . . .
e l e c t r o d e _ e x t e r i o r _ s i d e s ( e l e c t r o d e , 1 ) , e l e c t r o d e _ e x t e r i o r _ s i d e s ( e l e c t r o d e , 2 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t n o d e (%4.2 f ,%4.2 f ) \ n ’ , . . .
e l e c t r o d e _ e x t e r i o r _ s i d e s ( e l e c t r o d e , 3 ) , e l e c t r o d e _ e x t e r i o r _ s i d e s ( e l e c t r o d e , 4 ) ) ;
end
%d e l e t e a l l s e l e c t e d nodes ( wi th t h e i r segmen t s and a r c s )
f p r i n t f ( f i l e ID , ’ c i _ d e l e t e s e l e c t e d n o d e s ( ) \ n ’ ) ;
end

f u n c t i o n [ ] = c l e a r _ l a b e l s ( f i l e ID ,LLCC,RLCC,CALCC,CARCC, STCC , Xbone , Ybone , . . .
Xfat , Yfat , Xint , Yint , Xext , Yext , e l e c t r o d e _ c e n t r a l _ p o i n t s )
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ ,LLCC( 1 ) , LLCC ( 2 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ ,RLCC( 1 ) , RLCC ( 2 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xint , Y in t ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xext , Yext ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone ( 1 ) , Ybone ( 1 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone ( 2 ) , Ybone ( 2 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone ( 3 ) , Ybone ( 3 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone ( 4 ) , Ybone ( 4 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone ( 5 ) , Ybone ( 5 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone ( 6 ) , Ybone ( 6 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone ( 7 ) , Ybone ( 7 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xbone ( 8 ) , Ybone ( 8 ) ) ;
i f ~ i s emp ty (CALCC)
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ ,CALCC( 1 ) ,CALCC( 2 ) ) ;
end
i f ~ i s emp ty (CARCC)
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ ,CARCC( 1 ) ,CARCC( 2 ) ) ;
end
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , STCC( 1 ) , STCC ( 2 ) ) ;
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ ,−6 ,−11.85);
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.2 f ,%4.2 f ) \ n ’ , Xfat , Yfa t ) ;
f o r e l e c t r o d e =1: l e n g t h ( e l e c t r o d e _ c e n t r a l _ p o i n t s ( : , 1 ) )
f p r i n t f ( f i l e ID , ’ c i _ s e l e c t l a b e l (%4.4 f ,%4.4 f ) \ n ’ , . . .
e l e c t r o d e _ c e n t r a l _ p o i n t s ( e l e c t r o d e , 1 ) , e l e c t r o d e _ c e n t r a l _ p o i n t s ( e l e c t r o d e , 2 ) ) ;
end
%f p r i n t f ( ’%4.4 f ,%4.4 f \ n ’ , e l e c t r o d e _ c e n t r a l _ p o i n t s ( 8 , 1 ) , e l e c t r o d e _ c e n t r a l _ p o i n t s ( 8 , 2 ) )
f p r i n t f ( f i l e ID , ’ c i _ d e l e t e s e l e c t e d l a b e l s ( ) \ n ’ ) ;
end

f u n c t i o n [ l e t t e r p l u s , Gr ]= c o n f i g u r e _ g r a p h ( Graph , f rames , fps , t o t a l _ t i m e _ e s t , p a t h 2 s a v e )
[ Gr , t ime ]= p l o t _ g r a p h ( Graph , f rames , fps , t o t a l _ t i m e _ e s t ) ;
l e t t e r p l u s = save_g r aph ( Graph , t ime , p a t h 2 s a v e ) ;
f p r i n t f ( ’ P l e a s e open a FEMM p r o j e c t ! \ n ’ )
f p r i n t f ( ’ Then l o ad t h e c o r r e s p o nd i n g LUA f i l e and p r e s s e n t e r \ n ’ )
pause ( )
end

f u n c t i o n [ Gr , t ime ]= p l o t _ g r a p h ( Graph , f rames , fps , t o t a l _ t i m e _ e s t )
Gr= f i g u r e ( 1 ) ;
s u b p l o t ( 2 , 1 , 1 )
t ime= l i n s p a c e ( 0 , t o t a l _ t i m e _ e s t , l e n g t h ( Graph . h e a r t . c o n d u c t i v i t y ) ) ;
p l o t ( t ime , Graph . h e a r t . c o n d u c t i v i t y , ’ r ’ , ’ LineWidth ’ , 2 )
ho ld on
Graph . r i g h t _ l u n g . c o n d u c t i v i t y =Graph . l e f t _ l u n g . c o n d u c t i v i t y ;
p l o t ( t ime , Graph . r i g h t _ l u n g . c o n d u c t i v i t y , ’ b ’ , ’ LineWidth ’ , 2 )
ho ld on
p l o t ( t ime , Graph . l e f t _ l u n g . c o n d u c t i v i t y , ’ g−−’,’LineWidth ’ , 2 )
ho ld on
p l o t ( t ime , Graph . musc l e s . c o n d u c t i v i t y ( 1 : end ) , ’ y ’ , ’ LineWidth ’ , 2 )
ho ld on
TGr= t i t l e ( ’ T i s s u e s c o n d u c t i v i t y ( S /m) ’ ) ;
TGr . Fon tS i z e =16;
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l e g end ( ’ \ s igma_ { h e a r t } ’ , ’ \ s igma_ { r i g h t l ung } ’ , ’ \ s igma_ { l e f t l ung } ’ , ’ \ s igma_ {musc le s } ’ )
y l a b e l ( ’ \ s igma (Sm^−^1) ’ , ’ F on t s i z e ’ , 1 4 )
x l a b e l ( ’ Time ( s econds ) ’ , ’ F on t s i z e ’ , 1 4 )
s u b p l o t ( 2 , 1 , 2 )
p l o t ( t ime , Graph . h e a r t . p e r m i t t i v i t y , ’ r ’ , ’ LineWidth ’ , 2 )
ho ld on
Graph . r i g h t _ l u n g . p e r m i t t i v i t y =Graph . l e f t _ l u n g . p e r m i t t i v i t y ;
p l o t ( t ime , Graph . r i g h t _ l u n g . p e r m i t t i v i t y , ’ b ’ , ’ LineWidth ’ , 2 )
ho ld on
p l o t ( t ime , Graph . l e f t _ l u n g . p e r m i t t i v i t y , ’ b ’ , ’ LineWidth ’ , 2 )
ho ld on
p l o t ( t ime , Graph . musc l e s . p e r m i t t i v i t y ( 1 : end ) , ’ y ’ , ’ LineWidth ’ , 2 )
TGr= t i t l e ( ’ T i s s u e s p e r m i t t i v i t y ( F /m) ’ ) ;
TGr . Fon tS i z e =16;
l eg end ( ’ \ e p s i l o n _ { h e a r t } ’ , ’ \ e p s i l o n _ { r i g h t l ung } ’ , ’ \ e p s i l o n _ { l e f t l ung } ’ , ’ \ e p s i l o n _ {musc l e s } ’ )
y l a b e l ( ’ \ e p s i l o n (Fm^−^1) ’ , ’ F on t s i z e ’ , 1 4 )
x l a b e l ( ’ Time ( s econds ) ’ , ’ F on t s i z e ’ , 1 4 )
end

f u n c t i o n [ l e t t e r p l u s ]= s ave_g r aph ( Graph , t ime , p a t h 2 s av e )
l e t t e r p l u s = ’a ’ ;
f o r l e t t e r = ’ a ’ : ’ z ’
f i l e t o s e a r c h =[ p a t h 2 s av e ’ Card io−Pulmonary \ I n p u t _ s e t _ ’ , num2s t r ( d a t e ( ) ) , ’ _ ’ , num2s t r ( l e t t e r ) , ’ . mat ’ ] ;
i f e x i s t ( f i l e t o s e a r c h )
l e t t e r p l u s = cha r ( l e t t e r + 1 ) ;
end
end
I n p u t s _ d a t . Graph=Graph ;
I n p u t s _ d a t . t ime= t ime ;
save ( [ p a t h 2 s av e ’ Dynamic_Thorax_Model \ Card io−Pulmonary \ I n p u t _ s e t _ ’ , num2s t r ( d a t e ( ) ) , ’ _ ’ , num2s t r ( l e t t e r p l u s ) , ’ . mat ’ ] , ’ I n p u t s _ d a t ’ ) ;
end

f u n c t i o n [ Measurements ]= con f i gu r e_mea su r emen t s (N, l e t t e r p l u s , c u r r e n t s k i p , v o l t a g e s k i p , t ime s t e p s , d , pa th2save , p a t h )
%% p r e s s e v e r y t h i n g t o g e t t h e measurements !
% ge t t h e measurements from t h e f i l e s w r i t t e n du r i n g t h e t im e r loop
Measurements=ge t_measu r emen t s (N, v o l t a g e s k i p , d , t im e s t e p s , p a t h ) ;
l 1 = l e n g t h ( Measurements ) ;
%d i s p ( l 1 )
nk=mod ( l1 ,N*N) ;
%ho ld i n t e g e r c y c l e s
Measurements=Measurements ( 1 : end−nk ) ;
%and save them
save ( [ p a t h 2 s av e ’ Dynamic_Thorax_Model \ Card io−Pulmonary \ Measurement_se t_ ’ , num2s t r ( d a t e ( ) ) , ’ _ ’ , num2s t r ( l e t t e r p l u s ) , ’ . mat ’ ] , ’ Measurements ’ ) ;
end

f u n c t i o n M=ge t_measu r emen t s (N, v o l t a g e s k i p , d , t ime s t e p , p a t h )
M= [ ] ;
v o l t a g e s k i p = v o l t a g e s k i p +1;
f o r j =1 : t ime s t e p−1
M1= [ ] ;
modulo=mod ( j ,N ) ;
i f modulo==0
modulo=N;
end
f o r i =1 :N
f o l d e r =[ p a t h ’ \ Dynamic_Thorax_Model \ LUA_f i les \ Temporary \ ’ ] ;
p r e f i x _ d a t a =[ d a t e ( ) , ’ _ t e s t ’ , num2s t r ( d ) , ’ _Vo l t ages ’ , num2s t r ( j ) , ’ _ ’ , num2s t r ( i ) ] ;
d a t a f o rma t = ’ . t x t ’ ;
f i l e t o r e a d = s t r c a t ( f o l d e r , p r e f i x _ d a t a , d a t a f o rma t ) ;
wh i l e e x i s t ( f i l e t o r e a d )==0
f p r i n t f ( ’ERROR! Measurements F i l e m i s s i ng ! : ’ )
f i l e t o r e a d
f p r i n t f ( ’ \ nP r e s s a n y t h i n g t o c o n t i n u e ! ’ )
pause ( )
end
T1=dlmread ( f i l e t o r e a d , ’ \ t ’ , 4 , 0 ) ;
d e l e t e ( f i l e t o r e a d ) ;
N1=T1 ( : , 2 ) ;
meas=mean (N1 ( 2 : end−1)) ;
meas1=N1( l e n g t h (N1 ) / 2 ) ;
meas=max ( meas , meas1 ) ;
%bad e l e c t r o d e !
%i f b a d e l e c t r o d e s ( i ) = = 1 | | b a d e l e c t r o d e s ( modulo )==1
% meas=meas *2* rand ( 1 , 1 ) ;
%end
M1=[M1 meas ] ;
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end
i f v o l t a g e s k i p ==1
M1=[− d i f f (M1) M1(N)−M1( 1 ) ] ;
e l s e
M2= z e r o s ( 1 ,N ) ;
f o r i =1 :N
i f i + v o l t a g e s k i p <=N
M2( i )=M1( i )−M1( i + v o l t a g e s k i p ) ;
e l s e
M2( i )=M1( i )−M1(N−i + v o l t a g e s k i p ) ;
end
end
M1=M2;
end
M=[M M1] ;
end
oo = [ ] ;
end

f u n c t i o n P a t i e n t _ l a b e l e d _ d a t a = c omp l e t e _ p a t i e n t _ l a b e l e d _ d a t a ( Graph , Co l l a p s i o n _ a r e a s , H i s t o r y _ o f _ t i s s u e s )

P a t i e n t _ l a b e l e d _ d a t a =1;
end

%%%======================================
f u n c t i o n [ imageC ]= Gauss_Newton_Recons t r uc t i on (N, s k i p c u r r , s k i p v o l t , hype rpa r ame t e r ,H, meascur , geometry , r econs , s o l v e r , p r i o r , Vref )
%%%Per fo rms Gauss−Newton EIT R e c o n s t r u c t i o n . Requ i r e s t h e EIDORS l i b r a r y
%%%t o o l
%%%%In p u t s :
%N: E l e c t r o d e Number
%s k i p c u r r : Cu r r e n t sk ip−m p r o t o c o l
%s k i p v o l t : Vo l t age sk ip−n p r o t o c o l
%hype r p a r ame t e r : r e g u l a r i z a t i o n hyp e r p a r ame t e r ( lambda )
%H: measurement frame , a N^2X1 col lumn v e c t o r
%measucur : i f s e t t o 0 : on ly t e t r a p o l a r measurements . I f s e t t o 1 :
%T e t r a p o l a r and b i p o l a r measurements , i n c l u d i n g c u r r e n t s o u r c e e l e c t r o d e s
%geomet ry : r e c o n s t r u c t i o n model geomet ry . I f 1 : c i r c u l a r d i s k . I f 2 :
%t h o r a c i c boundary
%r e con s : Nodal / e l emen t r e c o n s t r u c t i o n . 1 f o r one s t e p noda l s o l v e r wi th Lap l a ce p r i o r
%2 f o r e lement−wise s o l v e r s .
% p r i o r : r e c o n s t r u c t i o n a l g o r i t hm / p r i o r . Works on ly wi th e l emen tw i s e
% r e c o n s t r u c t i o n he r e . 1 f o r Gauss−Newton i t e r a t i v e app roach . 2 f o r
% One−Step NOSER p r i o r app roach . 3 f o r To t a l V a r i a t i o n i t e r a t i v e app roach
%s o l v e r : 1 f o r ’ a b s o l u t e ’ , 2 f o r ’ d i f f e r e n t i a l ’
%Vref : r e f e r e n c e measurement frame , a N^2X1 col lumn v e c t o r

i f meascur ==1
op t ={ ’ meas_cu r r en t ’ } ;
e l s e
op t ={ ’ no_meas_cu r r en t ’ } ;
end
i f geomet ry ==1
imdl = mk_common_model ( ’ d2d1c ’ ,N ) ;
e l s e i f geomet ry ==2
i f N==16
imdl=mk_common_model ( ’ d2T3 ’ ,N ) ;
e l s e i f N==32
imdl=mk_common_model ( ’ d2T3 ’ , 3 2 ) ;
e l s e i f N==64
imdl=mk_common_model ( ’ h2T3 ’ , 6 4 ) ;
end
end
i f N==32
[ s t , e l s ]= mk_ s t im_pa t t e r n s (N, 1 , [ 0 s k i p c u r r +1 ] , [ 0 s k i p v o l t + 1 ; ] , opt , 0 . 1 8 5 ) ;
e l s e
[ s t , e l s ]= mk_ s t im_pa t t e r n s (N, 1 , [ 0 s k i p c u r r +1 ] , [ 0 s k i p v o l t + 1 ; ] , opt , 1 0 ) ;
end

imdl . fwd_model . s t i m u l a t i o n = s t ;
imdl . fwd_model . me a s _ s e l e c t = e l s ;
i f s o l v e r ==1
imdl . r e c o n s t _ t y p e = ’ a b s o l u t e ’ ;
e l s e i f s o l v e r ==2
imdl . r e c o n s t _ t y p e = ’ d i f f e r e n c e ’ ;
img = mk_image ( imdl , 1 ) ;
i f i s emp ty ( Vref )
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vh = fwd_so lve ( img ) ;
H1=vh . meas ;
e l s e
vh=Vref ;
H1=vh ;
end
end
i f N~=16
H=H( f i n d ( imdl . fwd_model . me a s _ s e l e c t ~=0 ) ) ;

end
imdl . h yp e r p a r ame t e r . v a l u e = hype r p a r ame t e r ;
i f r e c on s ==1
imdl . s o l v e =@nodal_so lve ;
imdl . R tR_p r i o r = @p r i o r _ l a p l a c e ;
e l s e i f r e c on s ==2
i f p r i o r ==1
imdl . s o l v e = @inv_solve_abs_GN ;
imdl . R tR_p r i o r = @p r i o r _ l a p l a c e ;
imdl . i n v_ s o l v e_gn . m a x _ i t e r a t i o n s = 120 ;
e l s e i f p r i o r ==2
imdl . s o l v e =@inv_so lve_d i f f_GN_one_s t ep ;
imdl . R tR_p r i o r = @pr io r_nose r ;
imdl . j a cob i an_bkgnd . v a l u e = 1 ;
e l s e i f p r i o r ==3
imdl . s o l v e = @inv_solve_TV_pdipm ;
imdl . R_p r i o r = @prior_TV ;
imdl . p a r ame t e r s . t e rm _ t o l e r a n c e = 1e−3;
imdl . p a r ame t e r s . k e e p _ i t e r a t i o n s = 0 ;
e l s e
wh i l e p r i o r ~=1&&p r i o r ~=2&&p r i o r ~=3
f p r i n t f ( ’ P r e s s : \ n ’ )
f p r i n t f ( ’ 1 f o r I t e r a t i v e Gauss Newton \ n ’ )
f p r i n t f ( ’ 2 f o r NOSER r e c o n s t r u c t i o n \ n ’ )
f p r i n t f ( ’ 3 f o r To t a l V a r i a t i o n \ n ’ )
msg= ’ S e l e c t i o n : ’ ;
p r i o r = i n p u t (msg ) ;
end
end
end
i f s o l v e r ==1
imageC = i n v _ s o l v e ( imdl ,H ) ;
e l s e
imageC = i n v _ s o l v e ( imdl ,H, H1 ) ;
end
show=0;
i f show==1
show_fem ( imageC , 1 )
c a x i s ([−0.275 0 . 2 7 5 ] )
a x i s o f f
end
end

%%%%%r e c o n s t r u c t i o n _ a n d _ f u n c t i o n a l _ a n a l y s i s .m
%%===============================
%%%%load t h e measurements%%%%%
N=16;
c l e a r r awimageda t a RLimagedata RRimagedata Himagedata MRLimagedata MRRimagedata MHimagedata
c l e a r imageCN
%%%%skip−m c u r r e n t p a t t e r n
s k i p c u r r =2;
%%%%skip−n v o l t a g e p a t t e r n
s k i p v o l t =0 ;
i f e x i s t ( ’ Measurements ’ )~=1
e r r o r ( ’ p l e a s e impo r t / l o ad t h e Measurements ! ’ )
end
%%%%%s e t d i r e c t o r y t o t h e EIDORS l i b r a r y :
%%%%%%% pa t h 2 e i d o r s = ’C : \ . . . . . \ e i d o r s−v3.9−ng \ e i d o r s \ ’ ;

i f e x i s t ( ’ p a t h 2 e i d o r s ’ )~=1
e r r o r ( ’ p l e a s e s e t a d i r e c t o r y t o t h e EIDORS l i b r a r y ’ )
e l s e
run ( [ p a t h 2 e i d o r s ’ s t a r t u p .m’ ] )
end

%%%% add some Gauss i an n o i s e t o t h e measurements
n o i s e = randn ( s i z e ( Measurements ) ) * norm ( Measurements ) / 1 0 ^ ( 9 0 / 2 0 ) ;
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Measurementsn=Measurements+ no i s e ;
c l c
%%%%c a l c u l a t e t h e i r SNR, manua l ly r e d e f i n e n o i s e u n t i l d e s i r e d SNR i s
%%%%reached
f p r i n t f ( ’SNR : \ n ’ )
20* log10 ( norm ( Measurements ) / norm ( n o i s e ) )
i f N==16
%h e u r i s t i c a l l y s e l e c t e d v a l u e s f o r t h e 50−60dB SNR l e v e l s
lambda =0 . 2 5 ;
e l s e i f N==32
%%%% the l a r g e d i f f e r e n c e i n h yp e r p a r ame t e r s has t o do wi th t h e J acob i an ’ s norms ,
%%%% no t t h e problems ’ i l l−c o n d i t i o n i n g
lambda =0 . 0 1 ;
end
f o r i =1 : l e n g t h ( Measurements ) /N^2−1
%%%%D i f f e r e n t i a l i t e r a t i v e Gauss−Newton R e c o n s t r u c t i o n Algo r i t hm
%%%%fo r more cho i c e s , s e e f u n c t i o n
[ imageCN ( i ) ] = Gaus s_Newton_Recons t r uc t i on (N, s k i p c u r r , s k i p v o l t , lambda , Measurementsn ( i *N^2+1 : ( i +1)*N^2 ) ’ , 0 , 2 , 2 , 2 , 1 , Measurementsn ( 1 :N^ 2 ) ’ ) ;
end
f i g u r e
%%%%show t h e t empo r a l c o n d u c t i v i t y b e h a v i o r
s h ow_ s l i c e s ( imageCN )
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%% Def ine and p l o t ROIs
model=imageCN ( 1 ) ;
e l emen t s =model . fwd_model . e lems ;
L= l e n g t h ( e l emen t s ) ;
e l em e n t c e n t r e = z e r o s (L , 2 ) ;
f o r e l emen t =1:L
nodes =[ model . fwd_model . e lems ( e lement , 1 ) model . fwd_model . e lems ( e lement , 2 ) model . fwd_model . e lems ( e lement , 3 ) ] ;
e l em e n t c e n t r e ( e lement , 1 ) = ( model . fwd_model . nodes ( nodes ( 1 ) , 1 ) + model . fwd_model . nodes ( nodes ( 2 ) , 1 ) + model . fwd_model . nodes ( nodes ( 3 ) , 1 ) ) / 3 ;
e l em e n t c e n t r e ( e lement , 2 ) = ( model . fwd_model . nodes ( nodes ( 1 ) , 2 ) + model . fwd_model . nodes ( nodes ( 2 ) , 2 ) + model . fwd_model . nodes ( nodes ( 3 ) , 2 ) ) / 3 ;
end

f i g u r e
c l f
H1=show_fem ( imageCN ( 9 ) ) ;
s e t (H1 , ’ edgeco l o r ’ , ’ none ’ ) ;
a x i s o f f
ho ld on
a =35; % h o r i z o n t a l r a d i u s
b =60; % v e r t i c a l r a d i u s
x0=−70; % x0 , y0 e l l i p s e c e n t r e c o o r d i n a t e s
y0 =0;
t=−p i : 0 . 0 1 : p i ;
x=x0+a* cos ( t ) ;
y=y0+b* s i n ( t ) ;
p l o t ( x , y , ’ r ’ , ’ LineWidth ’ , 3 )
a x i s s qu a r e
ho ld on
a1 =35; % h o r i z o n t a l r a d i u s
b1 =60; % v e r t i c a l r a d i u s
x01 =70; % x0 , y0 e l l i p s e c e n t r e c o o r d i n a t e s
y01 =0;
t=−p i : 0 . 0 1 : p i ;
x1=x01+a1* cos ( t ) ;
y1=y01+b1* s i n ( t ) ;
p l o t ( x1 , y1 , ’ r ’ , ’ LineWidth ’ , 3 )
a x i s s qu a r e
ho ld on
a2 =35; % h o r i z o n t a l r a d i u s
b2 =35; % v e r t i c a l r a d i u s
x02 =0; % x0 , y0 e l l i p s e c e n t r e c o o r d i n a t e s
y02=−35;
t=−p i : 0 . 0 1 : p i ;
x2=x02+a2* cos ( t ) ;
y2=y02+b2* s i n ( t ) ;
p l o t ( x2 , y2 , ’ r ’ , ’ LineWidth ’ , 3 )
a x i s s qu a r e

XX= e l em e n t c e n t r e ( : , 1 ) ; YY= e l em e n t c e n t r e ( : , 2 ) ;
RLROI= f i n d ( (XX−x0 ) . ^ 2 / a ^2+(YY−y0 ) . ^ 2 / b ^2 <1) ;
RRROI= f i n d ( (XX−x01 ) . ^ 2 / a1 ^2+(YY−y01 ) . ^ 2 / b1 ^2 <1) ;
HROI= f i n d ( (XX−x02 ) . ^ 2 / a2 ^2+(YY−y02 ) . ^ 2 / b2 ^2 <1) ;

f o r f rame =1: l e n g t h ( imageCN )
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r awimageda t a ( frame , : ) = imageCN ( frame ) . e l em_da t a ;
RLimagedata ( frame , : ) = rawimageda ta ( frame , RLROI ) ;
RRimagedata ( frame , : ) = rawimageda t a ( frame , RRROI ) ;
Himagedata ( frame , : ) = rawimageda t a ( frame , HROI ) ;
MRLimagedata ( f rame )=mean ( RLimagedata ( frame , : ) ) ;
MRRimagedata ( f rame )=mean ( RRimagedata ( frame , : ) ) ;
MHimagedata ( f rame )=mean ( Himagedata ( frame , : ) ) ;
end
%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%p l o t mean ROI e l emen t v a l u e s
f i g u r e
p l o t ( MRLimagedata ,’−−*b ’ , ’ LineWidth ’ , 2 )
ho ld on
p l o t ( MRRimagedata ,’−−*r ’ , ’ LineWidth ’ , 2 )
ho ld on
p l o t ( MHimagedata , ’−−*’ , ’ c o l o r ’ , [ 2 5 5 , 2 1 5 , 0 ] / 2 5 6 , ’ LineWidth ’ , 2 )
ho ld on



10 Appendix B: Mathematical
Proofs

10.1 Proof of the EIT’s Green integral equation ((3.9) in Chapter 3)

From the EIT governing equation (3.1) we have

∇2U(r; r+, r−) =
kI

σ(r)

(
δ(r − r+)− δ(r − r−)

)
−∇ lnσ(r) · ∇U(r; r+, r−)

(10.1)

which is simplified following our assumption in 3.1.1, for the conductivity σo near the electrodes, giving

∇2U(r; r+, rP−) =
kI

σo

(
δ(r − r+)− δ(r − r−)

)
−∇ lnσ(r) · ∇U(r; r+, r−)

(10.2)

Substituting (3.4), (3.6), and (3.6) into (3.5) results in∫
Ω
G(r, r′)

[
kI

σo

(
δ(r′ − r+)− δ(r′ − r−)

)
−∇ lnσ(r′) · ∇U(r′; r+, r−)

]
dA

+

∫
Ω
U(r′; r+, r−)δ(r − r′)dA = C(r+, r−)

(10.3)

where functionC(r+, r−) is defined in (3.8). Using Dirac function’s integration property we derive (3.9)
where Uo(r; r+, r−) is defined in (3.10).
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10.2 Proof of the 2D circular Green’s function solution ((3.54) in Chapter
3)

Let Ω is a 2D circular disk with a radius Ro. The Green function PDE problem becomes

∇2G(r, r′) = −δ(r − r′) (10.4)
∂G(r, r′)

∂n
= − 1

2πRo
(10.5)

The free space solution is easily acquired

Go(r, r
′) = − 1

2π
ln |r − r′| (10.6)

The correction term G1(r, r
′) is written as

G1(r, r
′) =

∞∑
n=1

[
A′

n cos(nϕ) +B′
n sin(nϕ)

]
rn (10.7)

For r = Ro in (10.5) we get

1

2π

Ro − r′ cos(ϕ− ϕ′)

R2
o + r′2 − 2Ror′ cos(ϕ− ϕ′)

=

∞∑
n=1

[
A′

n cos(nϕ) +B′
n sin(nϕ)

]
nRn−1

o +
1

2πRo

(10.8)

Substituting ϕ̄ ⇐⇒ ϕ− ϕ′, (10.8) is written

1

2π

Ro − r′ cos(ϕ̄)
R2

o + r′2 − 2Ror′ cos(ϕ̄)
− 1

2πRo

=
∞∑
n=1

[
A′

n cos(n(ϕ̄+ ϕ′)) +B′
n sin(n(ϕ̄+ ϕ′))

]
nRn−1

o

(10.9)

The left part of (10.9) is an even and periodic function f(ϕ̄) with period T = 2π. Therefore

A′
n cos(nϕ̄) +B′

n sin(nϕ̄)

= − 1

2π2nRn−1
o

∫ 2π

0

Ro − r′ cos(ϕ̄)
R2

o + r′2 − 2Ror′ cos(ϕ̄)
cos(nϕ̄)dϕ̄

(10.10)

and

A′
n cos(nϕ̄)−B′

n sin(nϕ̄) = 0 (10.11)
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Setting ρ = r′R−1
o , the integral in (10.10) can be written as

In =
1

Ro

∫ 2π

0

1− ρ cos(ϕ̄)
1 + ρ2 − 2ρ cos(ϕ̄)

cos(nϕ̄)dϕ̄

=
1

Ro

∫ π

0

1− ρ cos(ϕ̄)
1 + ρ2 − 2ρ cos(ϕ̄)

cos(nϕ̄)[1 + (−1)n]dϕ̄

(10.12)

Since ρ < 1, it is found that∫ π

0

1− ρ cos(ϕ̄)
1 + ρ2 − 2ρ cos(ϕ̄)

cos(nϕ̄)dϕ̄ =
πρn

2
(10.13)

Therefore, from (10.12) and (10.13)

In =
πρn

Ro
(10.14)

Replacing (10.14) in (10.10) gives

A′
n cos(nϕ̄) +B′

n sin(nϕ̄) = − ρn

2πnRn−2
o

= z(ρ, n) (10.15)

From (10.11) and (10.15), we get

A′
n = z(ρ, n) · cos(nϕ′) (10.16)

B′
n = z(ρ, n) · sin(nϕ′) (10.17)

From (10.16) and (10.17), the summary in (10.7) becomes

G1(r, r
′) =

∞∑
n=1

[
z(ρ, n) · cos(nϕ′) cos(nϕ)

+z(ρ, n) · sin(nϕ′) sin(nϕ)
]
rn

(10.18)

From known trigonometric identity this is furtherly written

G1(r, r
′) =

∞∑
n=1

[
z(ρ, n) · cos(n(ϕ− ϕ′))

]
rn

= − 1

2π

∞∑
n=1

[ 1
n

(
ρ

Ro

)n

· cos
(
n(ϕ− ϕ′)

)]
rn

(10.19)

Recalling
∞∑
n=1

1

n
an cos(nx) = −1

2
ln(1− 2a cosx+ a2), for |a| < 1, we acquire the final solution
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G(r, r′) = − 1

2π
ln |r − r′|

− 1

2π
ln

√
1 +

(r · r′)2
R4

o

− 2
r · r′
R2

o

cos(ϕ− ϕ′)

(10.20)

It is important to note here that due to the Neumman’s boundary condition, an arbitrary DC potential
term appears in addition to the previous solution. However, since the voltage is taken as a difference
between the Green’s functions over a single observation point (see 3.1.1, this term does not have any
substantial role at the voltage distribution.
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