
 

 

NATIONAL TECHNICAL UNIVERSITY OF ATHENS 
School of Civil Engineering  

Department of Transportation Planning and 
Engineering  

 

 

 

Doctoral Dissertation 

Charis Chalkiadakis, Rural and Surveying Engineer 
AUTH 

 

 

 

 

INTEGRATING THE CONCEPT OF GENERIC 
RESILIENCE IN URBAN ROAD NETWORK TRAFFIC 

MANAGEMENT 
 

 

Supervisor: Eleni I. Vlahogianni, Professor NTUA 

Co-Supervisor: Ioannis Golias, Professor Emeritus NTUA 

Co-Supervisor: George Yannis, Professor NTUA 

 

 

 

 

 

Athens, November 2025  



 

 

ΕΘΝΙΚΟ ΜΕΤΣΟΒΙΟ ΠΟΛΥΤΕΧΝΕΙΟ 
Σχολή Πολιτικών Μηχανικών 

Τομέας Μεταφορών και Συγκοινωνιακής 
Υποδομής  

 

 

 

Διδακτορική Διατριβή 

Χάρης Χαλκιαδάκης, Αγρονόμος Τοπογράφος 
Μηχανικός ΑΠΘ 

 

 

 

 

ΕΝΣΩΜΑΤΩΣΗ ΤΗΣ ΓΕΝΙΚΕΥΜΕΝΗΣ 
ΑΝΘΕΚΤΙΚΟΤΗΤΑΣ ΣΤΗ ΔΙΑΧΕΙΡΙΣΗ ΚΥΚΛΟΦΟΡΙΑΣ 

ΑΣΤΙΚΩΝ ΟΔΙΚΩΝ ΔΙΚΤΥΩΝ 
 

 

Επιβλέπουσα: Ελένη Ι. Βλαχογιάννη, Καθηγήτρια ΕΜΠ 

Συνεπιβλέπων: Ιωάννης Γκόλιας, Ομότιμος Καθηγητής ΕΜΠ 

Συνεπιβλέπων: Γιώργος Γιαννής, Καθηγητής ΕΜΠ 

 

 

 

 

 

Αθήνα, Νοέμβριος 2025  



 

 

  



 

Contact Details 

For any inquiries about the contents of this Ph.D. dissertation, please contact the author using 

any of the following contact details: 

 

Charis Chalkiadakis 

National Technical University of Athens (NTUA) 

Department of Transportation Planning and Engineering 

5 Heroon Polytechniou Str., Zografou Campus, GR-15773, Athens, Greece 

Business Email: xarisxalk@mail.ntua.gr 

Personal Email: xarisxalk@gmail.com 

Phone: 210 7721289 - 6972462908 

 

  

mailto:xarisxalk@mail.ntua.gr
mailto:xarisxalk@gmail.com


 

  



 

 

 

 

 

 

 

Στον πατέρα μου, Μάνθο 

Στη μητέρα μου, Καλλιόπη 

Στον αδερφό μου, Μάνο 

Σε εκείνους που έχουν φύγει 

 

 

 

  



 

Το πρώτο σκαλί 

 

Εις τον Θεόκριτο παραπονιούνταν 

μιά μέρα ο νέος ποιητής Ευμένης· 

«Τώρα δυό χρόνια πέρασαν που γράφω 

κ' ένα ειδύλιο έκαμα μονάχα. 

Το μόνον άρτιόν μου έργον είναι. 

Αλλοίμονον, είν' υψηλή το βλέπω, 

πολύ υψηλή της Ποιήσεως η σκάλα· 

και απ' το σκαλί το πρώτο εδώ που είμαι 

ποτέ δεν θ' αναιβώ ο δυστυχισμένος». 

Ειπ' ο Θεόκριτος· «Αυτά τα λόγια 

ανάρμοστα και βλασφημίες είναι. 

Κι αν είσαι στο σκαλί το πρώτο, πρέπει 

νάσαι υπερήφανος κ' ευτυχισμένος. 

Εδώ που έφθασες, λίγο δεν είναι· 

τόσο που έκαμες, μεγάλη δόξα. 

Κι αυτό ακόμη το σκαλί το πρώτο 

πολύ από τον κοινό τον κόσμο απέχει. 

Εις το σκαλί για να πατήσεις τούτο 

πρέπει με το δικαίωμά σου νάσαι 

πολίτης εις των ιδεών την πόλι. 

Και δύσκολο στην πόλι εκείνην είναι 

και σπάνιο να σε πολιτογραφήσουν. 

Στην αγορά της βρίσκεις Νομοθέτας 

που δεν γελά κανένας τυχοδιώκτης. 

Εδώ που έφθασες, λίγο δεν είναι· 

τόσο που έκαμες, μεγάλη δόξα». 

 

Κωνσταντίνος Π. Καβάφης 

 

 



Ευχαριστίες 

 

ΕΥΧΑΡΙΣΤΙΕΣ 

Το ταξίδι προς την ολοκλήρωση της έρευνας, σε διδακτορικό επίπεδο, δε χαρακτηρίζεται ως 

μία σύντομη κούρσα - είναι ένας μακρύς κι επίπονος δρόμος. Όπως όμως είχε πει ο 

Κομφούκιος: αν θες να πας γρήγορα πας μόνος, αν όμως θες να πας μακριά πας με παρέα. Για 

το λόγο αυτό, θα ήθελα να ευχαριστήσω όλους εκείνους οι οποίοι ήταν δίπλα μου σε όλη την 

πορεία εκπόνησης της παρούσας Διδακτορικής Διατριβής. 

Αρχικά, θα ήθελα να ευχαριστήσω την επιβλέπουσα της Διδακτορικής μου Διατριβής, 

Καθηγήτρια κα. Ελένη Ι. Βλαχογιάννη. Την ευχαριστώ γιατί αποτελεί για εμένα έναν φάρο για 

το πως να γίνω ένας καλός ερευνητής. Την ευχαριστώ ακόμα για όλο το χρόνο που έχει 

αφιερώσει στο να με καθοδηγήσει σε κομμάτια της έρευνάς μου, σε κομμάτια που αφορούν το 

αντικείμενο του Συγκοινωνιολόγου Μηχανικού, αλλά και σε θέματα που αφορούν τη ζωή 

γενικότερα. 

Θα ήθελα ακόμη να ευχαριστήσω τα υπόλοιπα μέλη της Τριμελούς Επιτροπής, τον Ομότιμο 

Καθηγητή κο. Ιωάννη Γκόλια και τον Καθηγητή κο. Γεώργιο Γιαννή, για τα καθοριστικά τους 

σχόλια πάνω στο κείμενο, τις ιδέες και τη λογική πίσω από την παρούσα Διδακτορική Διατριβή. 

Η συμβολή τους ήταν σημαντική για την επιστημονική αρτιότητα του παρόντος τεύχους. 

Ύστερα θα ήθελα να ευχαριστήσω τους γονείς μου, Μάνθο και Πόπη, τον αδερφό μου, Μάνο, 

και την Μαρία. Μπαμπά, σε ευχαριστώ που πάντα πίστευες σε εμένα, κυρίως όταν ήμουν κάτω 

και χρειαζόμουν ένα χέρι να με βοηθήσει να σηκωθώ. Σε ευχαριστώ που δε με άφησες ποτέ. 

Ελπίζω το πόνημα της Διδακτορικής μου Διατριβής να σε κάνει χαρούμενο και να είναι μια 

μικρή ανταπόδοση όσων έχεις δώσει για εμένα. Μαμά, σε ευχαριστώ που ήσουν πάντα δίπλα 

μου να με συμβουλεύεις, να με επικροτείς, μα κυρίως να με νουθετείς. Δεν έπαψες ποτέ να 

πιστεύεις σε εμένα και σε αυτό που μπορώ να γίνω, κι αν οι καιροί δεν ήταν πάντα ευοίωνοι. 

Μάνο, σε ευχαριστώ που από μικρό παιδί ανέχεσαι τις παραξενιές μου και που είσαι πάντα εκεί 

για να με συνεφέρεις. Κυρίως όμως σε ευχαριστώ που είσαι φίλος μου και που πάντα με 

στηρίζεις. Ελπίζω όταν, σε λίγα χρόνια, γράφεις κι εσύ τη δική σου Διδακτορική Διατριβή να 

έχω μπορέσει να σε στηρίξω κι εγώ όσο εσύ εμένα! Μαρία, σε ευχαριστώ που υπήρξες η 

κινητήριος δύναμή μου στις δύσκολες μέρες για να συνεχίσω. Σε ευχαριστώ που πάντα άκουγες 

όλους μου τους προβληματισμούς και με παρότρυνες να προχωρήσω. Για όλα αυτά, και άλλα 

τόσα που δε χωράνε στις άψυχες τούτες σελίδες, Μπαμπά, Μαμά, Μάνο, Μαρία σας 

ευχαριστώ! 

Ακόμα, θα ήθελα να ευχαριστήσω από καρδιάς τον αγαπητό συνάδελφο κι ακόμα πιο αγαπητό 

φίλο Δρ. Ευάγγελο Μητσάκη, Ερευνητή Α’ στο Ινστιτούτο Βιώσιμης Κινητικότητας και 

Δικτύων Μεταφορών του Εθνικού Κέντρου Έρευνας και Τεχνολογικής Ανάπτυξης. Τον 

ευχαριστώ που πίστεψε σε αυτό που μπορώ να γίνω πριν ακόμα καν το διανοηθώ, με πήρε από 

το χέρι όταν ήμουν ακόμα φοιτητής και έκανα την πρακτική μου άσκηση στην ομάδα του και 

μου έδωσε απλόχερα ό,τι σημαντικότερο μπορούσα να ζητήσω: τις γνώσεις του για τα 

Συγκοινωνιακά και την Έρευνα. Τον ευχαριστώ που μου έδωσε την ευκαιρία να μπω στο 

μεγάλο κόσμο της έρευνας, που με άφησε να εξελιχθώ και που ξέρω πως θα είναι πάντα εκεί 



Ευχαριστίες 

 

να με συμβουλεύσει. Περισσότερα από όλα όμως, τον ευχαριστώ για τη φιλία του την οποία 

και εκτιμώ αφάνταστα! 

Τέλος, δε θα μπορούσα να μην ευχαριστήσω τους συνταξιδιώτες μου. Εκείνους οι οποίοι ήταν 

και είναι μαζί μου κάθε μέρα, συζητάμε για τα Μεγάλα Προβλήματα των Συγκοινωνιακών και 

πως θα τα επιλύσουμε, μα και τσακωνόμαστε για το ποια ομάδα θα κερδίσει το πρωτάθλημα. 

Έλενα, Παναγιώτη, Μάνο, Κωνσταντίνε Κ., Κωνσταντίνε Σ., σας ευχαριστώ που κάνατε το 

ταξίδι αυτό πιο ευχάριστο, σας ευχαριστώ για τις ιδέες που μου δώσατε μα, πάνω απ’ όλα, σας 

ευχαριστώ για τη φιλία σας! 



Acknowledgements 

 

ACKNOWLEDGEMENTS 

Part of this research was financially supported by the Program of Basic Research of the National 

Technical University of Athens (PEVE 2020). 

 

Μέρος της έρευνας που εμπεριέχεται στην παρούσα διδακτορική διατριβή χρηματοδοτήθηκε 

από το Πρόγραμμα Ενίσχυσης Βασικής Έρευνας του Εθνικού Μετσόβιου Πολυτεχνείου 

(ΠΕΒΕ 2020). 

 



Σύνοψη 

i 

ΣΥΝΟΨΗ 

Η σύγχρονη αστική κινητικότητα βρίσκεται αντιμέτωπη με ολοένα και περισσότερες 

προκλήσεις, λόγω της αυξανόμενης συχνότητας φυσικών καταστροφών, της γήρανσης των 

υποδομών, της πολυπλοκότητας των κυκλοφοριακών μοτίβων και της ενσωμάτωσης 

τεχνολογιών όπως τα συνεργατικά και αυτόνομα οχήματα. Η έννοια της ανθεκτικότητας 

(resilience) στα οδικά δίκτυα αποκτά ιδιαίτερη σημασία ως δείκτης της ικανότητας ενός 

συστήματος να απορροφά διαταραχές, να προσαρμόζεται και να ανακτά αποδοτικά τη 

λειτουργικότητά του. Η παρούσα διατριβή αναπτύσσει ένα καινοτόμο πλαίσιο ανάλυσης της 

ανθεκτικότητας αστικών οδικών δικτύων, το REACT, που συνδυάζει θεωρητικά μοντέλα, 

προηγμένες προσομοιώσεις και τεχνικές μηχανικής μάθησης με στόχο τη δημιουργία μιας 

ολοκληρωμένης μεθοδολογίας ποσοτικοποίησης της επίδρασης διαταραχών (π.χ. πλημμύρες, 

ατυχήματα) στην ανθεκτικότητα του δικτύου και αξιολόγησης των βέλτιστων στρατηγικών 

διαχείρισης κυκλοφορίας. Για την επίτευξη του στόχου, προτείνεται και αξιολογείται ένας 

καινοτόμος δείκτης σημαντικότητας συνδέσμων οδικών δικτύων (Link Importance), ο οποίος 

ενσωματώνει δομικά χαρακτηριστικά του δικτύου (κεντρικότητα, συνδετικότητα) και 

λειτουργικές παραμέτρους (κυκλοφοριακή ροή, χρόνοι διαδρομής). Η εφαρμογή του πλαισίου 

REACT στο δίκτυο της Αθήνας έδειξε ότι η προτεινόμενη προσέγγιση μπορεί με ακρίβεια να 

προβλέψει την μείωση της απόδοσης του δικτύου υπό διαφορετικά σενάρια διαταραχών και να 

προτείνει τη βέλτιστη εφαρμογή μέτρων διαχείρισης κυκλοφορίας. Η μεθοδολογία είναι 

προσαρμόσιμη σε διαφορετικά αστικά περιβάλλοντα, ανοίγοντας νέες δυνατότητες για την 

εξειδικευμένη διαχείριση μεταφορικών συστημάτων. 

 

Λέξεις-κλειδιά: Ανθεκτικότητα, Αστικά οδικά δίκτυα, Διαχείριση Κυκλοφορίας, 

Μακροσκοπικά Θεμελιώδη Διαγράμματα, Επεξηγήσιμη Μηχανική Μάθηση



Abstract 

ii 

ABSTRACT 

Modern urban mobility faces increasing challenges due to the rising frequency of natural 

disasters, aging infrastructure, complex traffic patterns, and the integration of technologies such 

as collaborative and autonomous vehicles. The concept of resilience in road networks is gaining 

significant importance as an indicator of a system’s ability to absorb disruptions, adapt, and 

efficiently recover its functionality. This dissertation develops an innovative framework for 

analyzing the resilience of urban road networks, called REACT, which combines theoretical 

models, advanced simulations, and machine learning techniques to create a comprehensive 

methodology for quantifying the impact of disruptions (e.g., floods, accidents) on network 

resilience and evaluating optimal traffic management strategies. To achieve this goal, a novel 

Link Importance index is proposed and evaluated, incorporating structural characteristics of the 

network (centrality, connectivity) and operational parameters (traffic flow, travel times). The 

application of the REACT framework to the Athens network demonstrated that the proposed 

approach can accurately predict the reduction in network performance under various disruption 

scenarios and suggest optimal traffic management measures. The methodology is adaptable to 

different urban environments, opening new possibilities for specialized transportation system 

management. 

 

Keywords: Resilience, Urban road networks, Traffic Management, Macroscopic Fundamental 

Diagrams, Explainable Machine Learning 
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ΕΚΤΕΝΗΣ ΠΕΡΙΛΗΨΗ  

Εισαγωγή – Ερευνητικό Πλαίσιο και Προκλήσεις 

Η διερεύνηση της ανθεκτικότητας των αστικών οδικών δικτύων καθίσταται ολοένα και πιο 

επιτακτική στο πλαίσιο ενός παγκοσμιοποιημένου περιβάλλοντος που χαρακτηρίζεται από 

αυξανόμενη αβεβαιότητα, πολυπλοκότητα και ευαλωτότητα των μεταφορικών υποδομών. Οι 

σύγχρονες προκλήσεις, όπως η κλιματική αλλαγή, τα ακραία καιρικά φαινόμενα, η ραγδαία 

αστικοποίηση, η τεχνολογική ενσωμάτωση διασυνδεδεμένων και αυτόνομων οχημάτων 

(Connected and Cooperative Automated Vehicles - CAVs), καθώς και η διαρκώς αυξανόμενη 

λειτουργική και τοπολογική πολυπλοκότητα των δικτύων,  αναδεικνύουν την ανάγκη για νέα 

επιστημονικά εργαλεία που να υπερβαίνουν τις παραδοσιακές προσεγγίσεις αποδοτικότητας. 

Η έννοια της ανθεκτικότητας (resilience) επανατοποθετεί τη βασική στόχευση των 

συγκοινωνιακών συστημάτων, η οποία πλέον δεν εστιάζεται  μόνο στη βελτιστοποίηση υπό 

ομαλές συνθήκες αλλά και στη διατήρηση κρίσιμων επιπέδων εξυπηρέτησης σε συνθήκες 

διαταραχών. Παρά την πρόοδο της σχετικής βιβλιογραφίας, σημαντικά επιστημονικά 

ερωτήματα εξακολουθούν να υφίστανται σχετικά με τον ακριβή ορισμό της ανθεκτικότητας, 

τις μεθόδους ποσοτικοποίησής της, τόσο σε λειτουργικό, όσο και σε δομικό επίπεδο, καθώς και 

τον τρόπο ενσωμάτωσής της στον σχεδιασμό και στη διαχείριση μεταφορών. Οι μέχρι σήμερα 

προσεγγίσεις συχνά παραμένουν αποσπασματικές και, είτε εστιάζουν σε στατικές τοπολογικές 

παραμέτρους, είτε βασίζονται αποκλειστικά σε δυναμικές λειτουργικές μεταβλητές, χωρίς να 

συγκροτούν ένα συνεκτικό και εφαρμόσιμο μεθοδολογικό πλαίσιο. 

Επιπλέον, παρατηρείται μία σημαντική ασυνέχεια μεταξύ των θεωρητικών αναπαραστάσεων 

της ανθεκτικότητας και των επιχειρησιακών εργαλείων που εφαρμόζονται σε συνθήκες κρίσης 

από τις συγκοινωνιακές αρχές. Η έλλειψη ενός ενιαίου πλαισίου που να ενσωματώνει 

επιστημονικές έννοιες, αναλυτικά εργαλεία και εμπειρικές εφαρμογές δημιουργεί ένα κρίσιμο 

ερευνητικό κενό. 

Η κύρια πρόκληση την οποία καλείται να αντιμετωπίσει η παρούσα διατριβή έγκειται στο 

γεγονός ότι οι υφιστάμενες προσεγγίσεις: 

1. Επικεντρώνονται είτε σε θεωρητικά μοντέλα χωρίς επαρκή εφαρμογή σε πραγματικά 

δίκτυα 

2. Χρησιμοποιούν μετρικές ανθεκτικότητας που αγνοούν τη δυναμική της 

κυκλοφοριακής ζήτησης 

3. Δεν προσφέρουν εργαλεία πρόβλεψης της απόδοσης του δικτύου υπό διαφορετικά 

σενάρια διαταραχών 

Η παρούσα διατριβή επιχειρεί να καλύψει αυτό το κενό μέσω της ανάπτυξης, εφαρμογής και 

αξιολόγησης ενός ενοποιημένου πλαισίου ανθεκτικότητας (Resilience Evaluation and Analysis 

of City-wide Transport systems - REACT), ένα καινοτόμο πλαίσιο που ενσωματώνει αναλυτικά 

στοιχεία από τη θεωρία γράφων, προσομοίωση κυκλοφορίας, και τεχνικές μηχανικής μάθησης. 

Το πλαίσιο το οποίο αναπτύχθηκε στην παρούσα διατριβή ενσωματώνει αναλύσεις, τόσο σε 

στρατηγικό, όσο και σε επιχειρησιακό επίπεδο ανάλυσης και προσφέρει μία συνεκτική 
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μεθοδολογία για τη διερεύνηση, αξιολόγηση και ενίσχυση της ανθεκτικότητας των αστικών 

οδικών δικτύων. Το πλαίσιο REACT επιχειρεί να απαντήσει στα ακόλουθα κρίσιμα ερευνητικά 

ερωτήματα: 

¶ Πώς ορίζεται και ποσοτικοποιείται η ανθεκτικότητα των αστικών οδικών δικτύων; 

¶ Πώς μπορούν να εντοπιστούν και να ιεραρχηθούν τα κρίσιμα σημεία ευαλωτότητας 

(vulnerability) ενός δικτύου; 

¶ Πώς μπορούν να αξιολογηθούν και να βελτιστοποιηθούν οι στρατηγικές 

επαναδρομολόγησης; 

¶ Ποιος είναι ο ρόλος των νέων τεχνολογιών - CCAM (Connected, Cooperative and 

Automated Mobility) στην ενίσχυση της ανθεκτικότητας; 

Η καινοτομία της παρούσας διατριβής εντοπίζεται στην ενοποίηση διαφορετικών επιπέδων 

ανάλυσης, στη γεφύρωση ποιοτικών και ποσοτικών προσεγγίσεων και στην επιχειρησιακή 

εφαρμοσιμότητα των προτεινόμενων εργαλείων. Το πλαίσιο REACT βασίζεται σε τρεις 

επιστημονικούς άξονες: 

¶ τη θεωρία γράφων για την αναπαράσταση της χωρικής και λειτουργικής δομής. 

¶ την κυκλοφοριακή ανάλυση για τη λειτουργική απόκριση των δικτύων. 

¶ την πολυδιάστατη ποσοτικοποίηση της ανθεκτικότητας με ερμηνεύσιμες μετρικές. 

Το ερευνητικό πλαίσιο της παρούσας διατριβής εστιάζει στη δημιουργία ενοποιημένων 

μεθοδολογιών που μπορούν να συνδυάσουν τα ακόλουθα: 

1. τη δομική ανάλυση των αστικών οδικών δικτύων. 

2. την ποσοτικοποίηση των επιπτώσεων που μπορεί να έχουν διαταραχές στη λειτουργική 

αποδοτικότητα των αστικών οδικών δικτύων. 

3. την αξιολόγηση της αποτελεσματικότητας στρατηγικών διαχείρισης της κυκλοφορίας 

αναφορικά με την αντιμετώπιση των επιπτώσεων των διαταραχών στη λειτουργική 

αποδοτικότητα των αστικών οδικών δικτύων. 

Ένα σημαντικό στοιχείο του πλαισίου REACT είναι ότι δεν περιορίζεται σε συγκεκριμένους 

τύπους διαταραχών ή γεωγραφικά πλαίσια, αλλά εισάγει μία γενικεύσιμη και προσαρμοστική 

μεθοδολογική προσέγγιση, ικανοποιώντας τις ανάγκες για αυτό το οποίο η θεωρία παρουσιάζει 

ως γενικευμένη ανθεκτικότητα (generic resilience ή case-agnostic resilience). 

 

Ερευνητικοί Στόχοι και Καινοτομία της Προσέγγισης 

Η διατριβή καθοδηγείται από την ανάγκη διατύπωσης ενός ενοποιημένου θεωρητικού και 

εφαρμοσμένου πλαισίου για την ανάλυση και αξιολόγηση της ανθεκτικότητας σε αστικά οδικά 

δίκτυα, το οποίο να είναι ταυτόχρονα ευέλικτο, ερμηνεύσιμο και εφαρμόσιμο σε διαφορετικά 

λειτουργικά περιβάλλοντα. Κεντρικός στόχος της είναι η ανάπτυξη του πλαισίου REACT, ενός 

πολυεπίπεδου εργαλείου που συνδυάζει τη μαθηματική αναπαράσταση δικτύων, τη 

λειτουργική απόδοση υπό διαταραχές και την ενσωμάτωση προηγμένων τεχνικών εξόρυξης 

γνώσης και μοντελοποίησης. 

Οι επιμέρους ερευνητικοί στόχοι της διατριβής διαρθρώνονται ως εξής: 
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1. Ανάπτυξη και αξιολόγηση μιας Γενικευμένης Μετρικής Ανθεκτικότητας, ανεξαρτήτως 

τύπου διαταραχής ή γεωγραφικού πλαισίου, μέσα από μια μεθοδολογικά συνεπή και 

θεωρητικά θεμελιωμένη προσέγγιση. 

2. Ανάπτυξη μεθοδολογιών που συσχετίζουν τις μετρικές ανθεκτικότητας με το 

Μακροσκοπικό Θεμελιώδες Διάγραμμα (Macroscopic Fundamental Diagram), μέσω 

μοντέλων μηχανικής μάθησης και αξιολόγησης επιδόσεων. 

3. Διεξαγωγή προσομοιώσεων που περιλαμβάνουν διάφορα σενάρια διαταραχών, 

συμπεριλαμβανομένων πλημμυρών, αποκλεισμών κόμβων/διαδρόμων και αστοχιών 

υποδομών. 

4. Ανάπτυξη εργαλείων ανάλυσης με βάση τα δεδομένα που αξιοποιούν τεχνικές 

εποπτευόμενης μάθησης, ομαδοποίησης, ερμηνείας και πρόβλεψης (όπως οι SHAP, 

Random Forest και GBDT), με στόχο τον εντοπισμό κρίσιμων στοιχείων του δικτύου 

και τη διαμόρφωση στοχευμένων παρεμβάσεων. 

Η καινοτομία της εργασίας εντοπίζεται σε τρία επίπεδα: 

1. Εννοιολογικά, εισάγει ένα πλαίσιο το οποίο δεν αντιμετωπίζει την ανθεκτικότητα ως 

στατική ιδιότητα, αλλά ως δυναμική διαδικασία ανάκαμψης και προσαρμογής. 

2. Μεθοδολογικά, συνδυάζει ποσοτικές αναλύσεις με ερμηνευτικά εργαλεία μηχανικής 

μάθησης, αποφεύγοντας τη λογική «μαύρου κουτιού» που χαρακτηρίζει πολύπλοκα 

μοντέλα μηχανικών μάθησης. 

3. Εφαρμοστικά, παρέχει ένα πλήρως υλοποιήσιμο εργαλείο το οποίο μπορεί να 

χρησιμοποιηθεί από φορείς διαχείρισης κυκλοφορίας, πολεοδόμους και ερευνητές, με 

στόχο την ενίσχυση της αστικής ανθεκτικότητας. 

Η σαφής σύνδεση θεωρίας - μεθόδου - εφαρμογής καθιστά την παρούσα διατριβή μία από τις 

πρώτες προσπάθειες για την καθιέρωση ενός λειτουργικού προτύπου αξιολόγησης της 

ανθεκτικότητας κι ενσωμάτωσής της στη λήψη αποφάσεων για Στρατηγικές Διαχείρισης 

Κυκλοφορίας σε μεγάλης κλίμακας αστικά δίκτυα, ικανό να προσαρμοστεί σε δίκτυα με 

διαφορετικά τοπολογικά και λειτουργικά χαρακτηριστικά. 

Το πλαίσιο REACT αποτελεί ένα από τα πρώτα πλήρως επιχειρησιακά εργαλεία που 

ενσωματώνουν τόσο την τοπολογία του δικτύου, όσο και τη λειτουργική του απόκριση, 

επιτρέποντας συνεχή παρακολούθηση, πρόβλεψη και διαχείριση κρίσιμων κυκλοφοριακών 

καταστάσεων με στόχο τη μεγιστοποίηση της ανθεκτικότητας.  

 

Μεθοδολογική Προσέγγιση 

Η προτεινόμενη μεθοδολογική προσέγγιση διαρθρώνεται σε επίπεδα στρατηγικής, ανάλυσης 

και εφαρμογής, τα οποία συνδυάζουν ποσοτικές τεχνικές με ρεαλιστικά σενάρια διαταραχών, 

αξιοποιώντας δεδομένα πραγματικού κόσμου και αναπαραγώγιμα εργαλεία προσομοίωσης. Η 

μεθοδολογική προσέγγιση της παρούσας διατριβής βασίζεται στην ενοποίηση τριών 

συμπληρωματικών επιπέδων ανάλυσης: (α) ανάλυση των δομικών στοιχείων του δικτύου, (β) 

λειτουργική αξιολόγηση υπό συνθήκες διαταραχών, και (γ) μοντελοποίηση με βάση τα 

δεδομένα για αξιολόγηση της ανθεκτικότητας και εκτίμηση της απώλειας της αποδοτικότητας 

του δικτύου σε περίπτωση συμβάντος. 

Τα τρία επίπεδα ανάλυσης συνδυάζονται σε ένα συνεκτικό πλαίσιο (Σχήμα 1), το οποίο 

διαχωρίζεται σε στρατηγικό και επιχειρησιακό επίπεδο: 
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- Στρατηγικό επίπεδο: αποτίμηση γενικευμένων διαταραχών (π.χ. ταυτόχρονη κατάρρευση 

κρίσιμων κόμβων). 

- Επιχειρησιακό επίπεδο: αξιολόγηση τοπικών διαταραχών (π.χ. αποκλεισμοί σε 

διασταυρώσεις ή διαδρόμους). 

 

Σχήμα 1: Απεικόνιση υψηλού επιπέδου του πλαισίου REACT. 

Το αποτέλεσμα είναι ένα πλαίσιο ικανό να εκτιμήσει την ανθεκτικότητα ενός συστήματος από 

πολλαπλές οπτικές γωνίες, προσφέροντας λειτουργικές και ποσοτικές εξόδους που συνδέονται 

με πραγματικά δεδομένα. Το πλαίσιο REACT χαρακτηρίζεται από επεκτασιμότητα, 

ερμηνευσιμότητα, και μεθοδολογική συνέπεια, επιτρέποντας την εφαρμογή του σε διαφορετικά 

αστικά περιβάλλοντα και υποδομές. Επιπλέον, επιδιώκει τη γεφύρωση μεταξύ ερευνητικών 

ευρημάτων και πρακτικών εφαρμογών στον σχεδιασμό δικτύων και τη διαχείριση 

κυκλοφορίας. 

Το πλαίσιο REACT αποτελείται από δύο επίπεδα, το Στρατηγικό και το Λειτουργικό. Το 

Στρατηγικό επίπεδο είναι υπεύθυνο για τον αρχικό προσδιορισμό της ανάλυσης της 

ανθεκτικότητας (Σχήμα 2) και, βάσει των όσων ειπώθηκαν προηγουμένως, αφορά την ανάλυση 

των δομικών στοιχείων του δικτύου. Στον αντίποδα, το Λειτουργικό επίπεδο (Σχήμα 3) αφορά 

τις μικροσκοπικές προσομοιώσεις οι οποίες έλαβαν χώρα στο πλαίσιο της παρούσας 

διατριβής). Κοινός τόπος των δύο επιπέδων είναι η δεδομενοστραφής μοντελοποίηση για 

αξιολόγηση της ανθεκτικότητας, πρόβλεψη και υποστήριξη λήψης αποφάσεων, καθώς 

μετρικές και αποτελέσματα από τα δύο επίπεδα χρησιμοποιούνται για παραγωγή των τελικών 

μοντέλων πρόβλεψης. 
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Σχήμα 2: Μεθοδολογικό πλαίσιο εφαρμογής του Στρατηγικού επιπέδου. 

 

 

Σχήμα 3: Μεθοδολογικό πλαίσιο εφαρμογής του Λειτουργικού επιπέδου. 
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Η προσέγγιση θα εφαρμοστεί  στο βασικό δίκτυο αναφοράς της παρούσας διατριβής: το αστικό 

οδικό δίκτυο της πόλης των Αθηνών (Athens Testbed). To Athens Testbed περιλαμβάνει 

συνδέσεις τόσο χαμηλής λειτουργικής κατηγορίας (π.χ. οικιστικές οδούς) όσο και υψηλής 

λειτουργικής κατηγορίας (π.χ. τριτεύουσες οδούς, αρτηρίες και αυτοκινητόδρομους). Το δίκτυο 

αποτελείται από 1293 κόμβους/ διασταυρώσεις και 2572 ακμές/ συνδέσμους. Από άποψη 

ζήτησης, περίπου 83000 οχήματα εισάγονται στο δίκτυο κατά την πρωινή ώρα αιχμής. Το 

νούμερο αυτό έχει προκύψει μετά από βαθμονόμηση του δικτύου με δεδομένα φωρατών.To 

Athens Testbed παρουσιάζεται στο Σχήμα 4. 

 

Σχήμα 4: Το Athens Testbed. 

Α. Ανάλυση Δομικών Στοιχείων 

Για την ανάλυση των δομικών στοιχείων του Athens Testbed, αυτό αναπαρίσταται ως Γράφος 

όπου οι κόμβοι και οι ακμές αντιστοιχούν σε διασταυρώσεις και οδικούς συνδέσμους. 

Εφαρμόζονται βασικές μετρικές κεντρικότητας, όπως η συχνότητα χρήσης ενός κόμβου σε 

διαδρομές μικρότερης απόστασης (Betweenness centrality - BET), καθώς και μετρικές 

αξιολόγησης της σημαντικότητας των δομικών στοιχειών του δικτύου. Οι τελευταίες εξετάζουν 

τόσο τοπολογικά τη συμβαίνει στις συντομότερες διαδρομές του δικτύου εάν κάποιο από τα 

δομικά στοιχεία επηρεαστεί από κάποιο συμβάν και αφαιρεθεί από δίκτυο (αποδοτικότητα – 

efficiency), όσο και την κρισιμότητα των δομικών στοιχειών μα γνώμονα την ανακατανομή 

του φόρτου εάν κάποιο από τα δομικά στοιχεία επηρεαστεί από κάποιο συμβάν (criticality). 

Οι τιμές των efficiency και criticality ποσοτικοποιούνται για το σύνολο των συνδέσμων του 

Athens Testbed. Για τον προσδιορισμό άλλων κρίσιμων δομικών στοιχείων του δικτύου όπως 

κόμβων και διαδρομών χρησιμοποιείται το betweenness centrality και το ποσοστό του φόρτου 
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ο οποίος εξυπηρετείται ανά ζεύγος Προέλευσης-Προορισμού (OD Pair). Πιο συγκεκριμένα, οι 

τιμές του betweenness centrality επιτρέπουν τον προσδιορισμό δομικά κρίσιμων κόμβων και 

το ποσοστό του φόρτου ο οποίος εξυπηρετείται ανά ζεύγος Προέλευσης-Προορισμού επιτρέπει 

τον εντοπισμό των κρίσιμων διαδρομών Προέλευσης-Προορισμού (OD Paths). Οι δομικά 

κρίσιμοι κόμβοι είναι εκείνοι οι κόμβοι με τις υψηλότερες τιμές betweenness centrality. Η 

πληροφορία αυτή φαίνεται στο Σχήμα 5. Το Σχήμα 5 απεικονίζει, σε φθίνουσα σειρά, τη 

συχνότητα χρήσης ενός κόμβου σε διαδρομές μικρότερης απόστασης (Betweenness centrality) 

για το σύνολο των κόμβων του Athens Testbed. Οι σημαντικοί κόμβοι είναι εκείνοι οι οποίοι 

βρίσκονται ανάντη του πρώτου σημείου καμπής και άρα παρουσιάζουν τις μεγαλύτερες τιμές 

σε σχέση με τους υπόλοιπους κόμβους του δικτύου για την κάθε μετρική. 

 

Σχήμα 5: Αναπαράσταση κατά φθίνουσα τιμή των τιμών betweenness centrality για όλους τους 

κόμβους του Athens Testbed. 

Αντίστοιχα, οι πιο σημαντικές διαδρομές Προέλευσης-Προορισμού (OD Paths) είναι εκείνες οι 

οποίες εξυπηρετούν το μεγαλύτερο ποσοστό της κυκλοφορίας, βάσει του Πίνακα Προέλευσης-

Προορισμού. Η πληροφορία αυτή φαίνεται στο Σχήμα 6. Το Σχήμα 6 απεικονίζει, σε φθίνουσα 

σειρά, τον ωριαίο φόρτο για την πρωινή ώρα αιχμής ο οποίος εξυπηρετείται ανά ζεύγος 

Προέλευσης-Προορισμού για το Athens Testbed. Οι σημαντικές, λοιπόν, διαδρομές είναι 

εκείνες οι οποίες εξυπηρετούν τα ζεύγη Προέλευσης-Προορισμού τα οποία είναι ανάντη του 

σημείου καμπής το οποίο φαίνεται στο Σχήμα 6. 

 

Σχήμα 6: Αναπαράσταση κατά φθίνουσα τιμής της ωριαίας ζήτησης η οποία εξυπηρετείται ανά 

ζεύγος Προέλευσης-Προορισμού για το Athens Testbed. 
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Β. Λειτουργική Ανάλυση 

Χρησιμοποιούνται δεδομένα πραγματικής κυκλοφορίας και αποτελέσματα προσομοιώσεων 

για τη μέτρηση της ροής, του χρόνου ταξιδιού, και της καθυστέρησης. Ενδεικτικά, εφαρμόζεται 

η προσέγγιση των Μακροσκοπικών Θεμελιωδών Διαγραμμάτων (Macroscopic Fundamental 

Diagrams - MFDs), η οποία αποτυπώνει την κυκλοφοριακή δυναμική όλου του αστικού 

δικτύου ως συνάρτηση μεταξύ πυκνότητας και ροής. 

Η αξιολόγηση της ανθεκτικότητας γίνεται με ποσοτική αποτίμηση της απώλειας απόδοσης 

μέσω της επιφάνειας μεταξύ του. Στο Σχήμα 7 φαίνεται η διαφορά ανάμεσα στο MFD της 

κανονικής λειτουργίας και το MFD υπό διαταραγμένη λειτουργία. Η περιοχή μεταξύ του MFD 

της κανονικής λειτουργίας και του MFD υπό διαταραγμένη λειτουργία αντιπροσωπεύει τη 

Συνολική Απώλεια Απόδοσης του Δικτύου. 

 

Σχήμα 7: Μακροσκοπικό Θεμελιώδες Διάγραμμα της Κυκλοφορίας – Κανονική λειτουργία σε 

σχέση με διαταραγμένη λειτουργία. 

Γ. Mοντελοποίηση ανθεκτικότητας 

Η ενσωμάτωση τεχνικών μηχανικής μάθησης ενισχύει την αξιολόγηση και πρόβλεψη της 

απόδοσης του δικτύου. Τα μοντέλα Random Forest και Gradient Boosting εκπαιδεύονται με 

βάση τις μετρικές κεντρικότητας, τη σημασία συνδέσμων, τη ροή και λειτουργικά 

χαρακτηριστικά του αστικού οδικού δικτύου. Οι ερμηνευτικές τεχνικές SHAP και Permutation 

Importance επιτρέπουν τον εντοπισμό των παραμέτρων που επηρεάζουν περισσότερο την 

ανθεκτικότητα. Τα τελευταία αποτυπώνονται στο Σχήμα 8. 
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Σχήμα 8: Αποτελέσματα των ερμηνευτικών τεχνικών SHAP και Permutation Importance σε 

σχέση με Mean Partial Dependence στο πλαίσιο της παρούσας διατριβής. 

 

Προκαταρκτική Ανάλυση  

Το πλαίσιο REACT εφαρμόζεται και αξιολογείται σε πραγματικά δεδομένα και σενάρια 

διαταραχών που αφορούν κυρίως το αστικό δίκτυο της Αθήνας, με στόχο τη διερεύνηση της 

γενικευσιμότητας, της ερμηνευσιμότητας και της πρακτικής του αξίας. 

Η ανάλυση εκκινεί από την ποσοτικοποίηση της επίδρασης των διαταραχών  στην λειτουργική 

απόδοση των αστικών οδικών δικτύων, μελετώντας συγκεκριμένα τις περιπτώσεις 

πλημμυρικών φαινομένων στις περιοχές της Μάνδρας και της Αθήνας. Η επιλογή της Αθήνας 

και της Μάνδρας ως μελέτες περίπτωσης δεν ήταν τυχαία, καθώς αποτελούν παραδείγματα με 

σημαντικά διαφορετικά κυκλοφοριακά, γεωγραφικά και τοπολογικά χαρακτηριστικά. Η Αθήνα 

εκπροσωπεί ένα πολυσύνθετο μητροπολιτικό δίκτυο με υψηλή πυκνότητα συνδέσεων, ενώ η 

Μάνδρα προσφέρει το παράδειγμα τοπικού αστικού ιστού με περιορισμένες εναλλακτικές 

διαδρομές. Η μελέτη περίπτωσης της Μάνδρας επικεντρώνεται στην καταγραφή της 

κυκλοφοριακής λειτουργικότητας πριν και μετά το πλημμυρικό γεγονός του 2017, η οποία είχε 

ως αποτέλεσμα τον αποκλεισμό μεγάλου μέρους της τοπικής υποδομής. Ο Πίνακας 1 

παρουσιάζει την επίδραση της πλημμύρας στο αστικό οδικό δίκτυο της Μάνδρας. 
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Πίνακας 1: Επιπτώσεις πλημμύρας στην επιχειρησιακή απόδοση του αστικού οδικού δικτύου της 

Μάνδρας. 

ɀŮŰɟɘəɐ Κανονική 

λειτουργία 

Πλημμυρικό 

γεγονός 

Μεταβολή 

Μέσο μήκος διαδρομής (m) 982.17 2890.76 194.32% ▲ 

Μέση ταχύτητα (km/h) 37.91 8.93 76.44% ▼ 

Μέση διάρκεια ταξιδιού (s) 138.59 8637.62 6132.50% ▲ 

Διανυθέντα 

οχηματοχιλιόμετρα 

9484.82 7406.13 21.92% ▼ 

Εξυπηρετηθέντα οχήματα 9377 507 94.59% ▼ 

 

Αντίστοιχα, για το αστικό οδικό δίκτυο της Αθήνας, αντίστοιχες μεταβολές παρατηρούνται στο 

Σχήμα 9. 

 

Σχήμα 9: Επιπτώσεις πλημμύρας στην επιχειρησιακή απόδοση του αστικού οδικού δικτύου της 

Αθήνας. 

Στη συνέχεια, η ανάλυση επικεντρώνεται στο Athens Testbed, όπου αξιοποιούνται τα δύο 

επίπεδα του πλαισίου REACT. Αρχικά, το Στρατηγικό επίπεδο χρησιμοποιείται για την 

περαιτέρω ανάλυση διαφόρων μετρικών, οι οποίες εξετάζουν την ανθεκτικότητα από 

διαφορετικές οπτικές γωνίες (τοπολογική αξιολόγηση ανθεκτικότητας, επιχειρησιακή 

αξιολόγηση ανθεκτικότητας). Στο πλαίσιο αυτό, διεξήχθησαν προσομοιώσεις σταδιακής 

απομάκρυνσης συνδέσμων και δομικών στοιχείων (κόμβων και συνδέσμων), με στόχο την 

αποτίμηση της σημασίας τους και την αποκάλυψη «κρυφών» τρωτών σημείων του δικτύου. Η 

ανάλυση εμπλουτίζεται περαιτέρω με τεχνικές ομαδοποίησης μετρικών και χρήση μοντέλων 

μηχανικής μάθησης για την πρόβλεψη της σημασίας των συνδέσμων. Μέσω της διερεύνησης 

αυτής προτείνεται στην παρούσα διδακτορική διατριβή η μετρική Link Importance index (LI) 
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(εξίσωση), η οποία συνδυάζει τοπολογικές και επιχειρησιακές μετρικές της ανθεκτικότητας και 

αποτελεί έτσι μία προσπάθεια προς την επίτευξη μιας μετρικής γενικευμένης ανθεκτικότητας. 

ὒὍ
ʝ  ʙ ʙ

ʝ  ʙ ʙ
       (Εξ. 1) 

Έπειτα, το Λειτουργικό επίπεδο του REACT εφαρμόστηκε αφενός για την περαιτέρω ανάλυση 

της επιρροής καταστροφικών συμβάντων στην απόδοση του Athens Testbed και αφετέρου για 

τη διερεύνηση της επίδρασης Στρατηγικών Διαχείρισης Κυκλοφορίας (πιο συγκεκριμένα, 

στρατηγικές επαναδρομολόγησης) στην αντιμετώπιση των επιπτώσεων που έχουν τα 

καταστροφικά συμβάντα στο Athens Testbed. Μέσω αυτής της ανάλυσης αναπτύχθηκαν 

πρότυπα Μηχανικής Μάθησης τα οποία δύναται να προβλέψουν τόσο πτώση στην απόδοση 

του δικτύου λόγω ενός συμβάντος, όσο και τη βέλτιστη ακτίνα εφαρμογής στρατηγικών 

επαναδρομολόγησης για την όσο το δυνατό αποδοτικότερη λειτουργία του δικτύου κατά τη 

διάρκεια ενός συμβάντος. 

 

Εφαρμογή και Αποτελέσματα  

Η εφαρμογή του πλαισίου REACT ανέδειξε κρίσιμες πτυχές της ανθεκτικότητας σε αστικά 

οδικά δίκτυα, συνδυάζοντας ανάλυση σε στρατηγικό και λειτουργικό επίπεδο. Το πλαίσιο 

επιτρέπει την παράλληλη αξιοποίηση τοπολογικών, λειτουργικών και χρονοευαίσθητων 

μετρικών, γεφυρώνοντας το χάσμα ανάμεσα στη θεωρητική μελέτη της ανθεκτικότητας και την 

πρακτική εφαρμογή της στη διαχείριση κυκλοφορίας. 

Στο στρατηγικό επίπεδο του μεθοδολογικού πλαισίου REACT, το δίκτυο αναπαραστάθηκε 

τόσο ως γράφος, όσο και σε μακροσκοπικό επίπεδο ανάλυσης. Αρχικά, έγινε αξιολόγηση των 

δομικών στοιχείων του δικτύου μέσω τοπολογικών μετρικών (degree, closeness, betweenness 

centrality). Στη συνέχεια εφαρμόστηκαν σενάρια σταδιακής απομάκρυνσης κόμβων και 

συνδέσμων, με στόχο την αποτίμηση της σημασίας κάθε στοιχείου. Από αυτή τη διαδικασία 

προέκυψε ο δείκτης Link Importance (LI), ο οποίος συνδυάζει τη θέση ενός στοιχείου στο 

δίκτυο με την επιχειρησιακή του σημασία. 

Η ταξινόμηση των κόμβων και διαδρόμων με βάση τον LI αποκάλυψε σημεία «υψηλής 

κρίσιμότητας», που δεν ήταν εμφανή με παραδοσιακούς δείκτες. Επίσης, μέσω ομαδοποίησης 

(clustering) προέκυψαν ζώνες με ομοιογενές επίπεδο ανθεκτικότητας, επιτρέποντας 

στρατηγική ιεράρχηση παρεμβάσεων. 

Στο λειτουργικό επίπεδο του μεθοδολογικού πλαισίου REACT, το ενδιαφέρον επικεντρώθηκε 

στη δυναμική απόκριση του δικτύου σε διαταραχές. Χρησιμοποιήθηκαν Μακροσκοπικά 

Θεμελιώδη Διαγράμματα (MFDs) για να αποτυπωθεί η απώλεια απόδοσης σε περιπτώσεις 

αποκλεισμών κόμβων ή διαδρόμων. Το σχήμα που ακολουθεί δείχνει χαρακτηριστικά την 

καμπύλη της κανονικής λειτουργίας σε σχέση με την καμπύλη υπό διαταραχή, καθώς και τη 

διαδικασία ανάκαμψης. 
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Σχήμα 10: Μακροσκοπικό Θεμελιώδες Διάγραμμα – Κανονική λειτουργία vs. Διαταραχή. 

 

Η ανάλυση των MFDs επέτρεψε τον ακριβή υπολογισμό της επιφάνειας απώλειας απόδοσης 

(resilience loss area), η οποία μειώθηκε σημαντικά με την εφαρμογή στρατηγικών 

επαναδρομολόγησης. Τα αποτελέσματα κατέδειξαν ότι η βέλτιστη ακτίνα εφαρμογής 

κυμαίνεται μεταξύ 300-450 μέτρων για διαδρόμους και 100 μέτρων για κόμβους. 

Για την ποσοτική αποτίμηση των παραπάνω, πιο συγκεκριμένα της επιφάνειας απώλειας 

απόδοσης, αναπτύχθηκαν και εκπαιδεύτηκαν μοντέλα μηχανικής μάθησης (Random Forest, 

GBDT). Ο πίνακας που ακολουθεί συνοψίζει τις μεταβλητές εισόδου και τις υπερπαραμέτρους 

που χρησιμοποιήθηκαν. 

 

Πίνακας 2: Μεταβλητές εισόδου στα μοντέλα μηχανικής μάθησης 

ɀɞɜŰɏɚɞ ɈˊŮɟˊŬɟɎɛŮŰɟɞɘ ɀŮŰŬɓɚɖŰɏɠ Ůɘůɧŭɞɡ ɄŮɟɘɔɟŬűɐ 

Γραμμική 

Παλινδρόμηση 

- 

Ridge 

Regression 

alpha Πέντε τιμές σε 

λογαριθμική κλίμακα 

μεταξύ 0.01 και 100 

Ισχύς κανονικοποίησης· 

μεγαλύτερες τιμές 

δηλώνουν ισχυρότερη 

κανονικοποίηση 
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ɀɞɜŰɏɚɞ ɈˊŮɟˊŬɟɎɛŮŰɟɞɘ ɀŮŰŬɓɚɖŰɏɠ Ůɘůɧŭɞɡ ɄŮɟɘɔɟŬűɐ 

max_iter 15000 Μέγιστος αριθμός 

επαναλήψεων 

Lasso 

Regression 

alpha Τιμές σε λογαριθμική 

κλίμακα μεταξύ 0.01 

και 100 

Ισχύς κανονικοποίησης· 

μεγαλύτερες τιμές 

δηλώνουν ισχυρότερη 

κανονικοποίηση 

max_iter 15000 Μέγιστος αριθμός 

επαναλήψεων 

Elastic Net alpha Τιμές σε λογαριθμική 

κλίμακα μεταξύ 0.01 

και 100 

Ισχύς κανονικοποίησης· 

μεγαλύτερες τιμές 

δηλώνουν ισχυρότερη 

κανονικοποίηση 

l1_ratio Τιμές από 0.1 έως 0.9 Παράμετρος μίξης ποινών 

L1 και L2 

Τυχαίο Δάσος n_estimators Τιμές από 1 έως 10 Ο αριθμός των δέντρων 

στο δάσος 

max_depth Βάθος από 1 έως 10, 

καθώς και 20 

Το μέγιστο βάθος του 

δέντρου 

min_samples_split Τιμές από 10 έως 20 Ελάχιστος αριθμός 

δειγμάτων που απαιτείται 

για τον διαχωρισμό ενός 

εσωτερικού κόμβου 

min_samples_leaf Τιμές από 4 έως 10 Ελάχιστος αριθμός 

δειγμάτων που απαιτείται 

για να είναι έγκυρο ένα 

φύλλο 

max_features Τετραγωνική ρίζα 

χαρακτηριστικών, 

log₂ χαρακτηριστικών 

ή όλα τα 

χαρακτηριστικά (τιμή 

None) 

Ο αριθμός 

χαρακτηριστικών που 

εξετάζονται για τον 

βέλτιστο διαχωρισμό 

GBDT n_estimators Τιμές από 1 έως 20 Αριθμός σταδίων 

ενίσχυσης (boosting) που 

θα εκτελεστούν 

learning_rate Τιμές από 0.1 έως 0.2 

με βήμα 0.01 

Μειώνει τη συμβολή κάθε 

δέντρου ώστε να αποτραπεί 

το υπερεκπαιδευμένο 

μοντέλο 

max_depth Βάθος από 1 έως 10, 

καθώς και 20 

Μέγιστο βάθος των 

επιμέρους δέντρων 

παλινδρόμησης 

min_samples_split Τιμές από 2 έως 10 Ελάχιστος αριθμός 

δειγμάτων για τον 

διαχωρισμό εσωτερικού 

κόμβου 
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ɀɞɜŰɏɚɞ ɈˊŮɟˊŬɟɎɛŮŰɟɞɘ ɀŮŰŬɓɚɖŰɏɠ Ůɘůɧŭɞɡ ɄŮɟɘɔɟŬűɐ 

min_samples_leaf Τιμές από 1 έως 4 Ελάχιστος αριθμός 

δειγμάτων που απαιτείται 

για να είναι έγκυρο ένα 

φύλλο 

subsample Τιμές από 0.6 έως 1 Ποσοστό δειγμάτων που 

χρησιμοποιούνται για την 

εκπαίδευση των επιμέρους 

μοντέλων 

XGBOOST n_estimators Τιμές από 1 έως 20 Ορίζει τον αριθμό των 

γύρων ενίσχυσης (δηλ. τον 

συνολικό αριθμό δέντρων 

στο σύνολο) 

learning_rate Τιμές από 0.01 έως 

0.1 

Μειώνει τη συμβολή κάθε 

δέντρου ώστε να αποτραπεί 

υπερεκπαίδευση 

(overfitting) του μοντέλου 

MLP hidden_layer_sizes (64, 32, 16), (128, 64, 

32), (100, 50, 25) 

Ορίζει τον αριθμό και το 

μέγεθος των κρυφών 

στρωμάτων στο νευρωνικό 

δίκτυο 

activation relu, tanh Ορίζει τη συνάρτηση 

ενεργοποίησης που 

χρησιμοποιείται στα κρυφά 

στρώματα 

alpha Τιμές από 0.001 έως 

0.01 με βήμα 0.0001 

Όρος κανονικοποίησης (L2 

penalty) που αποτρέπει την 

υπερεκπαίδευση 

τιμωρώντας μεγάλα βάρη· 

υψηλότερες τιμές 

επιβάλλουν ισχυρότερη 

ποινή και απλούστερα 

μοντέλα 

learning_rate constant, adaptive Καθορίζει τη στρατηγική 

ενημέρωσης του ρυθμού 

μάθησης κατά την 

εκπαίδευση 

learning_rate_init 0.0001 ή 0.001 Αρχικός ρυθμός μάθησης 

που χρησιμοποιείται από 

τον βελτιστοποιητή - 

μικρότερες τιμές οδηγούν 

σε πιο αργή αλλά πιο 

σταθερή σύγκλιση 

max_iter 100000 Μέγιστος αριθμός εποχών 

εκπαίδευσης 
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Τα τελικά μοντέλα τα οποία επιλέχθηκαν επέτυχαν υψηλή ακρίβεια (R² ≈ 0.83), προσφέροντας 

αξιόπιστα εργαλεία πρόβλεψης για τη σημασία συνδέσμων και κόμβων σε σενάρια 

διαταραχών. Από τη διαδικασία αυτή επιλέχθηκαν δύο (2) μοντέλα Μηχανικής Μάθησης, 

Random Forest για την πρόβλεψη της επιφάνειας απώλειας απόδοσης σε περίπτωση συμβάντος 

σε οδική αρτηρία και GBDT για την πρόβλεψη της επιφάνειας απώλειας απόδοσης σε 

περίπτωση συμβάντος σε κόμβο. Πάνω σε αυτό, και με σκοπό την καλύτερη κατανόηση των 

παραγόμενων μοντέλων, έγινε χρήση ερμηνευτικών τεχνικών. Πιο συγκεκριμένα, 

χρησιμοποιήθηκαν τα SHAP summary plots, τα οποία επέτρεψαν την αποτύπωση της 

συνεισφοράς κάθε μεταβλητής στην τελική προβλεπτική ικανότητα των ανεπτυγμένων 

μοντέλων. Τα SHAP summary plots παρουσιάζονται στα Σχήματα 2 και 3 για την περίπτωση 

του Random Forest και του GBDT μοντέλου αντίστοιχα. 

 

 

Σχήμα 11: SHAP values για το μοντέλο Random Forest. 

 

 

Σχήμα 12: SHAP values για το μοντέλο Gradient Boosting. 

 

Παράλληλα, η μέθοδος Permutation Importance σε συνδυασμό με τα Mean Partial Dependence 

Plots βοήθησε στην κατανόηση της σχέσης κάθε ανεξάρτητης μεταβλητής με την 
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ανθεκτικότητα. Τα σχετικά διαγράμματα παρουσιάζονται στα Σχήματα 13 και 14 για την 

περίπτωση του Random Forest και του GBDT μοντέλου αντίστοιχα. 

 

 

Σχήμα 13: Permutation Importance και Partial Dependence Plot για το μοντέλο 

Random Forest. 

 

 

Σχήμα 14: Permutation Importance και Partial Dependence Plot για το μοντέλο 

Gradient Boosting. 
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Η διαφάνεια που προσέφεραν αυτά τα εργαλεία προσδίδει στο πλαίσιο REACT επιχειρησιακή 

αξιοπιστία, καθώς επιτρέπει στους διαχειριστές κυκλοφορίας να κατανοούν το «γιατί» πίσω 

από τις προβλέψεις των μοντέλων. 

Συμπεράσματα 

Συνολικά, η παρούσα διατριβή απέδειξε ότι η συνδυαστική αξιοποίηση τοπολογικών και 

λειτουργικών μετρικών προσφέρει ανώτερη ακρίβεια και ερμηνευσιμότητα σε σχέση με 

μονοδιάστατες προσεγγίσεις. Το προτεινόμενο πλαίσιο REACT, το οποίο συνδυάζει τον δείκτη 

LI, με τα MFDs και τεχνικές επεξηγήσιμης Μηχανικής Μάθησης, συνιστά ένα από τα πρώτα 

πλήρως επιχειρησιακά εργαλεία για την ενίσχυση της γενικευμένης ανθεκτικότητας (generic 

resilience) σε μεγάλης κλίμακας αστικά δίκτυα. 

Η διατριβή αυτή εισφέρει ουσιαστικά στη διαμόρφωση ενός νέου παραδείγματος στην έρευνα 

για την ανθεκτικότητα των συγκοινωνιακών δικτύων, προτείνοντας ένα ενοποιημένο και 

επεκτάσιμο πλαίσιο που συνδυάζει θεωρητική ακρίβεια, πρακτική εφαρμοσιμότητα και 

τεχνολογική καινοτομία. 

Οι βασικές συνεισφορές της παρούσας διατριβής συνοψίζονται ως εξής: 

- Ανάπτυξη του πλαισίου REACT για την πολυδιάστατη ανάλυση της ανθεκτικότητας. 

- Εισαγωγή του δείκτη LI, ο οποίος συνδυάζει δομικά και λειτουργικά χαρακτηριστικά. 

- Ποσοτικοποίηση της απώλειας λειτουργικότητας μέσω διαφορών MFD, με στόχο την 

ακριβή εκτίμηση της αποδοτικότητας υπό κρίση. 

- Ενσωμάτωση τεχνικών μηχανικής μάθησης με υψηλή ερμηνευσιμότητα (π.χ. SHAP), που 

επιτρέπουν αξιόπιστη πρόβλεψη της λειτουργικής σημασίας κόμβων και διαδρόμων. 

- Επιχειρησιακή αξιολόγηση στρατηγικών επαναδρομολόγησης, προσδιορίζοντας βέλτιστα 

ακτινικά εύρη επέμβασης. 

Πιο συγκεκριμένα για το πλαίσιο REACT, η συνεισφορά του είναι διπλή: αφενός παρέχει ένα 

εργαλείο υποστήριξης αποφάσεων για τους φορείς διαχείρισης κυκλοφορίας, και αφετέρου 

εισάγει μία γενικεύσιμη επιστημονική μεθοδολογία για τη μελέτη της ανθεκτικότητας σε 

αστικά οδικά δίκτυα. 

Η θεωρία της ανθεκτικότητας στις μεταφορές έχει τις ρίζες της σε συστήματα κρίσιμων 

υποδομών και έχει εξελιχθεί τα τελευταία χρόνια ώστε να ενσωματώνει χωρικά, χρονικά και 

λειτουργικά χαρακτηριστικά. Σύμφωνα με τη διεθνή βιβλιογραφία, ένα σύστημα θεωρείται 

ανθεκτικό όταν διατηρεί βασικές λειτουργίες, προσαρμόζεται δυναμικά και επιστρέφει στην 

κανονικότητα εντός αποδεκτού χρονικού διαστήματος. Σε αντίθεση όμως με προγενέστερες 

προσεγγίσεις που βασίζονται σε στατικούς δείκτες ευαλωτότητας, η προτεινόμενη μεθοδολογία 

υιοθετεί μια χρονικά εξελισσόμενη αντίληψη της ανθεκτικότητας. Η ενσωμάτωση 

λειτουργικών δεδομένων και η σύνδεση με τις μεταβολές του MFD επιτρέπει την ποσοτική 

αξιολόγηση της απώλειας απόδοσης και της ταχύτητας ανάκαμψης. Αυτό αποτελεί σημαντική 

καινοτομία σε σχέση με προσεγγίσεις που βασίζονται αποκλειστικά στη δομή του γράφου. 

Ειδικότερα, ο υπολογισμός του δείκτη Link Importance βασίζεται σε ένα μοντέλο αξιολόγησης 

της συνεισφοράς κάθε διαδρόμου στη συνολική κυκλοφοριακή εξυπηρέτηση. Η αξιολόγηση 

γίνεται τόσο υπό κανονικές όσο και υπό συνθήκες διαταραχής, ενώ η διαφορά σε όρους MFD 

μεταφράζεται σε ποσοτικό δείκτη απώλειας. Το στοιχείο αυτό συνδέεται με τη μέτρηση της 

λειτουργικής ευαλωτότητας και ενσωματώνεται στο γενικευμένο resilience index που 

προτείνεται. 
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Η επιλογή της Αθήνας και της Μάνδρας ως μελέτες περίπτωσης δεν ήταν τυχαία, καθώς 

αποτελούν παραδείγματα με σημαντικά διαφορετικά κυκλοφοριακά, γεωγραφικά και 

τοπολογικά χαρακτηριστικά. Η Αθήνα εκπροσωπεί ένα πολυσύνθετο μητροπολιτικό δίκτυο με 

υψηλή πυκνότητα συνδέσεων, ενώ η Μάνδρα προσφέρει το παράδειγμα τοπικού αστικού ιστού 

με περιορισμένες εναλλακτικές διαδρομές. 

Η χρήση σεναρίων διαταραχών στις δύο περιοχές επέτρεψε τη σύγκριση της ανθεκτικότητας 

τόσο σε όρους απώλειας απόδοσης όσο και σε όρους χωρικής διάχυσης της διαταραχής. Στην 

Αθήνα, οι διαταραχές εμφανίζουν πιο ισόρροπη εξάπλωση, ενώ στη Μάνδρα η απώλεια 

λειτουργικότητας είναι εντοπισμένη αλλά βαθιά. Αυτές οι παρατηρήσεις επιβεβαιώνονται από 

τις μεταβολές στα MFD και στους δείκτες κυκλοφορίας ανά διάδρομο. 

Τα αποτελέσματα δείχνουν ότι η συνδυαστική αξιοποίηση τοπολογικών και λειτουργικών 

μετρικών παρέχει ανώτερη ακρίβεια σε σχέση με προσεγγίσεις που βασίζονται αποκλειστικά 

σε μία διάσταση. Η κεντρικότητα (π.χ. betweenness) από μόνη της δεν αρκεί για τον εντοπισμό 

κρίσιμων κόμβων εάν δεν συνεκτιμηθεί με τη ροή και την ευαλωτότητα σε διαταραχές. 

Επιπλέον, οι δομικά 'ασήμαντοι' κόμβοι μπορεί να αναδειχθούν ως λειτουργικά κρίσιμοι υπό 

συγκεκριμένες κυκλοφοριακές συνθήκες. 

Η συνεισφορά των ερμηνευτικών εργαλείων (π.χ. SHAP) είναι ιδιαίτερα σημαντική, καθώς 

παρέχουν σαφήνεια στην ανάλυση 'μαύρων κουτιών' των αλγορίθμων μηχανικής μάθησης. 

Μέσω των SHAP values, είναι εφικτή η κατανόηση της συμβολής κάθε μεταβλητής στην 

τελική πρόβλεψη, γεγονός που καθιστά τα μοντέλα ιδιαίτερα χρήσιμα για επιχειρησιακή 

εφαρμογή. 

Οι σημαντικότεροι περιορισμοί της παρούσας εργασίας κινούνται σε μεθοδολογικό επίπεδο, 

στο κομμάτι των δεδομένων και σε επίπεδο μοντελοποίησης. Στο μεθοδολογικό επίπεδο, η 

μετρική LI η οποία αναπτύχθηκε στο πλαίσιο της παρούσας διατριβής αφορά το μακροσκοπικό 

επίπεδο ανάλυσης των αστικών οδικών δικτύων και δε λαμβάνει υπόψη τη δυναμική της 

κυκλοφορίας, πράγμα το οποίο είναι χαρακτηριστικό του μικροσκοπικού επιπέδου ανάλυσης 

των αστικών οδικών δικτύων. Ακόμη, τα σενάρια τα οποία εξετάστηκαν στην παρούσα 

διατριβή είναι στατικά και συνεπώς δεν ακολουθούν πλήρως τη δυναμική εξέλιξη φαινομένων 

τα οποία επηρεάζουν τη λειτουργία των αστικών οδικών δικτύων. Επιπρόσθετα, η ανάλυση της 

ανθεκτικότητας έγινε σε ένα βραχυπρόθεσμο και μεσοπρόθεσμο ορίζοντα, χωρίς να λαμβάνει 

τη φάση της επανακαμψιμότητας των δικτύων καθώς αυτό απαιτεί μακροπρόθεσμη ανάλυση. 

Τέλος, τα αποτελέσματα της παρούσας διατριβής παραμένουν εγγενώς εξαρτώμενα από τις 

επιλεγμένες μετρικές. Εναλλακτικές μετρικές όπως η ισότητα στις μεταφορές (transport 

equity), θα μπορούσαν να προσφέρουν συμπληρωματικές πληροφορίες σχετικά με την 

ανθεκτικότητα του συστήματος. Αναφορικά με τα δεδομένα, παρατηρήθηκε η έλλειψη 

δεδομένων σχετικά με την επίδραση καταστροφικών γεγονότων σε αστικά οδικά δίκτυα. 

Ακόμη και σε περιπτώσεις όπου υπάρχουν δεδομένα, αυτά αφορούν μικρά τμήματα των 

αστικών οδικών δικτύων. 

Τέλος, από τη σκοπιά της μοντελοποίησης, οι μαθηματικές διατυπώσεις των δεικτών 

ανθεκτικότητας βασίστηκαν σε καθιερωμένες σχέσεις κυκλοφοριακής ροής και 

αποδοτικότητας των αστικών οδικών δικτύων. Η ύπαρξη των μαθηματικών αυτών σχέσεων 

προϋποθέτει σχεδόν σταθερές συνθήκες. Για παράδειγμα, η χρήση μακροσκοπικών μετρικών 

απόδοσης προϋποθέτει ότι η συνολική συμπεριφορά του συστήματος μπορεί να 

αναπαραστήσει επαρκώς τις τοπικές διαφοροποιήσεις. Αν και αυτή η προσέγγιση επιτρέπει την 

πρακτική ανάλυση σε επίπεδο πόλης, αναπόφευκτα αφαιρεί την ετερογένεια των 
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συμπεριφορών των οδηγών, των αλληλεπιδράσεων μεταξύ οχημάτων και των δυναμικών 

μεταξύ διαφορετικών μέσων μεταφοράς, που διαμορφώνουν την ανθεκτικότητα σε λεπτότερη 

κλίμακα. Ακόμη, τα σενάρια τα οποία υλοποιήθηκαν βασίστηκαν σε ελεγχόμενες παραδοχές 

σχετικά με τα χαρακτηριστικά των διαταραχών και τα πρότυπα ανάκαμψης. Οι διαταραχές 

παραμετροποιήθηκαν ως προς την τοποθεσία, τη σοβαρότητα και τη διάρκεια, ωστόσο η 

εγγενώς στοχαστική και αλληλεξαρτώμενη φύση των πραγματικών γεγονότων αποτυπώθηκε 

μόνο μερικώς. Αυτή η ελεγχόμενη προσέγγιση επέτρεψε συστηματικές συγκρίσεις, αλλά 

ενδέχεται να υποτιμά τις αναδυόμενες ή αλυσιδωτές επιπτώσεις που προκύπτουν από 

πολλαπλές, ταυτόχρονες αστοχίες σε όλο το δίκτυο. Επιπρόσθετα, τα εποπτευόμενα μοντέλα 

μηχανικής μάθησης που χρησιμοποιήθηκαν για την πρόβλεψη ανθεκτικότητας στηρίχθηκαν σε 

παραδοχές σχετικά με τη συνάφεια, την ανεξαρτησία και τη στασιμότητα των χαρακτηριστικών 

(features). Παρότι εφαρμόστηκαν προηγμένες μέθοδοι, όπως η ανάλυση σημασίας 

χαρακτηριστικών και οι εξηγήσεις SHAP, για τη μείωση των κινδύνων ερμηνευσιμότητας, τα 

μοντέλα παραμένουν περιορισμένα από τα δεδομένα εκπαίδευσής τους και δεν μπορούν να 

προβλέψουν πλήρως δομικές αλλαγές στη συμπεριφορά κινητικότητας. Οι παραδοχές σχετικά 

με τη σταθερότητα των χαρακτηριστικών με την πάροδο του χρόνου ενδέχεται, επομένως, να 

περιορίζουν τη γενικευσιμότητα των προβλεπτικών αποτελεσμάτων σε περιβάλλοντα που 

υφίστανται ταχείες τεχνολογικές ή συμπεριφορικές μεταβολές (π.χ. εκτεταμένη υιοθέτηση 

αυτόνομων οχημάτων ή νέων υπηρεσιών κινητικότητας). Τέλος, το πλαίσιο REACT έδωσε 

ιδιαίτερη έμφαση σε δείκτες επιπέδου δικτύου. Αν και οι μετρικές οι οποίες χρησιμοποιήθηκαν 

είναι ευρέως διαδεδομένες στην έρευνα για την ανθεκτικότητα, αντιπροσωπεύουν μόνο ένα 

μέρος του ευρύτερου φάσματος της ανθεκτικότητας. Εστιάζοντας κυρίως στη λειτουργικότητα 

των αστικών οδικών δικτύων, η διατριβή υιοθέτησε αναγκαστικά μια προοπτική 

επικεντρωμένη στο σύστημα, η οποία ενδέχεται να υποεκπροσωπεί τις ανθρωποκεντρικές 

διαστάσεις της ανθεκτικότητας. 

Η παρούσα διατριβή ανοίγει ένα νέο πεδίο έρευνας στην ανθεκτικότητα των αστικών οδικών 

δικτύων μέσω της ανάπτυξης του πλαισίου REACT. Ωστόσο, προκύπτουν αρκετές ερευνητικές 

κατευθύνσεις που μπορούν να εμπλουτίσουν περαιτέρω την παρούσα εργασία: 

- Επέκταση της μεθοδολογίας σε πλαίσια Ψηφιακών Διδύμων (Digital Twins), 

επιτρέποντας τη συνεχή ανατροφοδότηση και προσαρμογή των μοντέλων με βάση 

δεδομένα πραγματικού χρόνου. 

- Εφαρμογή του REACT σε πολυτροπικά δίκτυα (π.χ. ΜΜΜ, πεζοί, ποδηλάτες), ώστε να 

μελετηθεί η ανθεκτικότητα σε συστήματα συνδυασμένης μετακίνησης. 

- Ανάλυση κοινωνικών και ηθικών διαστάσεων της ενσωμάτωσης των τεχνολογιών CCAM 

στη διαχείριση κρίσεων. 

- Δοκιμή της μεθοδολογίας σε πόλεις με διαφορετικά τοπολογικά χαρακτηριστικά, για την 

αποτίμηση της γενικευσιμότητας. 

- Εμβάθυνση της προγνωστικής λειτουργίας με advanced learning συστήματα, σε 

συνδυασμό με ερμηνευτικά εργαλεία. 

Η διεύρυνση του πλαισίου REACT σε νέα περιβάλλοντα και η διασύνδεσή του με πραγματικά 

δεδομένα λειτουργίας αποτελεί το επόμενο αποφασιστικό βήμα για την ανάπτυξη βιώσιμων 

και ανθεκτικών συστημάτων αστικής κινητικότητας. 
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1 INTRODUCTION 

1.1 General Challenge 

Resilience is a term widely known and extensively used when studying transport networks, 

particularly in the context of modern urban mobility systems. Its relevance continues to grow 

in parallel with the increasing exposure of transport infrastructure to various risks, ranging from 

natural hazards, such as extreme weather events, floods, and wildfires, to man-made disruptions 

including cyber-attacks, accidents, and system overloads. The capacity of transport systems to 

withstand, absorb, and recover from such disruptions defines their resilience and is central to 

ensuring uninterrupted mobility, safety, and economic productivity. 

A diverse range of transport network types has been studied, including urban road networks 

(Bhavathrathan & Patil, 2015; Calvert & Snelder, 2018; Do & Jung, 2018; El Rashidy & Grant-

Muller, 2019; Ganin et al., 2017; Gauthier et al., 2018; Gonçalves & Ribeiro, 2020), freight 

networks (H. Chen et al., 2017), maritime and waterway systems (Alderson et al., 2020; Y. 

Wang, Zio, et al., 2019), air transport systems (Chandramouleeswaran & Tran, 2018; Dunn & 

Wilkinson, 2016; Janić, 2015; T. Li & Rong, 2019; Y. Wang, Zhan, et al., 2019), and rail 

networks (Bababeik et al., 2018; Bešinović, 2020; R. Chan & Schofer, 2016; D’Lima & Medda, 

2015; Janić, 2018). Despite differences in scope and mode, all these studies converge on a 

shared understanding of resilience: the ability of a system to maintain acceptable performance 

levels before, during, and after the occurrence of disruptive events. 

Most existing studies on transport network resilience adopt a conventional and often static 

perspective, typically focusing on the impact of a single disruptive event within isolated 

segments of the network. This narrow lens overlooks the complex interdependencies between 

components and fails to account for cascading failures that may arise from simultaneous 

disruptions. As a result, such fragmented analyses limit the applicability of their findings and 

hinder the development of comprehensive, universally applicable resilience frameworks. The 

literature reveals a twofold gap: first, in spatial scope, as research tends to concentrate on 

localized sections rather than city-scale systems; and second, in conceptual depth, with few 

studies integrating both structural and dynamic characteristics of transport networks under 

diverse stress scenarios. 

1.2 Approaches to Tackle the Challenge 

To respond effectively to the diverse threats facing transport systems, a robust and versatile 

methodological toolbox is required-one that accounts for both infrastructure characteristics and 

the behavioral dynamics of traffic under disruption. The literature offers a variety of approaches 

for resilience assessment, with most methods falling under two major methodological pillars: 

simulation-based approaches and data-driven methods. These approaches complement each 

other and serve as the foundation of the framework adopted in this dissertation. 
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Simulation methods are instrumental in capturing the complexity and dynamic nature of urban 

road networks. Unlike static analytical models, simulation allows for the modeling of nonlinear 

phenomena, adaptive user behaviors, and multi-layer interactions. These models create a virtual 

laboratory for evaluating the impacts of disruptions, testing mitigation strategies, and 

identifying system weaknesses-without interfering with real-world operations. 

A wide array of simulation paradigms has been proposed: 

¶ Microscopic models simulate the behavior of individual vehicles, incorporating fine-

grained details such as acceleration, lane changes, and driver behavior (Bekhor & 

Toledo, 2014a; Brackstone & McDonald, 1999a). 

¶ Mesoscopic models aggregate vehicles into packets or flows, offering a balance 

between behavioral realism and computational efficiency (Burghout et al., 2006). 

¶ Macroscopic models, including those using Macroscopic Fundamental Diagrams 

(MFDs), treat traffic as continuous variables-ideal for city-wide modeling with reduced 

computational overhead (Geroliminis & Daganzo, 2008a; Papageorgiou, 1990a) 

(Papageorgiou, 1990; Geroliminis & Daganzo, 2008). 

Additionally, it is worth noting that other type of analyses and methodologies, such as scenario 

analysis, game theory, fuzzy logic, probabilistic modeling, optimization algorithms, and graph-

based methods have all been integrated into simulation-based studies (Y. Chan, 2015; Ghosh & 

Padgett, 2010; Mishra et al., 2012). These methods help evaluate various disruptions such as 

capacity losses, infrastructure failures, and extreme demand surges. Importantly, simulation 

also supports the incorporation of Connected, Cooperative, and Automated Mobility (CCAM) 

technologies-including cooperative adaptive cruise control, vehicle-to-infrastructure 

communication, and automated response systems (Fagnant & Kockelman, 2015a; van Arem et 

al., 2006a). 

While simulations offer insight into potential system behaviors, data-driven methods ground 

analysis in real-world observations. These techniques leverage data from GPS, loop detectors, 

taxi fleets, mobile apps, and social media to monitor network performance and detect 

anomalies. With the growing ubiquity of big data sources, machine learning and predictive 

analytics have been increasingly used to support resilience assessments (Balan et al., 2025; 

Kong & Feng, 2025). 

The applications of data-driven resilience analysis and quantification may include: 

¶ Real-time disruption detection and congestion forecasting, 

¶ Dynamic resilience metric estimation, 

¶ Pattern recognition of bottlenecks or failure-prone zones, 

¶ Automated decision support systems for operators. 

Also, data-driven models play a role in calibrating and validating simulation environments, 

ensuring they accurately reflect reality. This hybrid use of data and simulation is essential for 

developing Digital Twin environments, where real-time feedback continuously updates 

simulation outputs to support live traffic management. 

Together, these two methodological pillars support the integrated framework proposed in this 

dissertation. However, while both are extensively used, they suffer from persistent limitations 

addressed in Section 2. 
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Moreover, emerging technological domains such as Connected, Cooperative, and Automated 

Mobility (CCAM), along with advanced communication infrastructures, are rarely considered 

in traditional resilience studies. Yet these technologies are transforming how disruptions 

propagate and how systems respond, offering new opportunities for resilience enhancement. 

1.3 Research Gaps 

Although considerable progress has been made in developing methods for assessing the 

resilience of transport networks, several significant limitations remain. These gaps, evident in 

both academic literature and practical implementations, hinder the creation of generalizable and 

dynamic frameworks that can be applied across different contexts, disruption types, and system 

configurations. 

Lack of Generalizability and Case-Agnostic Methodologies 

Most existing studies are highly context-specific, focusing on specific cities, regions, or 

infrastructure elements. They are often designed to evaluate resilience under a specific type of 

disruption, such as a flood, accident, or earthquake, without providing insight into how their 

methods or metrics might perform under different conditions. As a result, findings are difficult 

to transfer to other networks or to use as benchmarks for broader system comparisons. The field 

lacks a universal, case-agnostic framework that can support consistent, transferable 

assessments. 

Fragmentation Between Structural and Dynamic Analyses 

There is a persistent division between structural (topological) and operational (dynamic) 

assessments of transport networks. While some studies assess resilience based purely on the 

quantification of resilience-related metrics, others focus on traffic performance metrics like 

vehicle throughput, travel times, and user delay. Yet, real resilience emerges from the interaction 

between topology and behavior, namely how the structure supports or inhibits flow under 

disruption. Very few methodologies integrate these two dimensions in a cohesive way. 

Integration of Resilience in the concept and the context of Traffic Management 

The integration of resilience into traffic management remains both a conceptual and practical 

challenge, particularly when it comes to leveraging dynamic system-level indicators and 

emerging mobility technologies. Although Macroscopic Fundamental Diagrams (MFDs) have 

proven effective in representing aggregate traffic behavior, their application in resilience 

analysis remains limited. Typically used in static snapshots, MFDs are rarely employed as time-

evolving indicators capable of capturing the full trajectory of network degradation and recovery. 

Yet, their ability to quantify resilience through metrics such as the throughput loss area between 

baseline and disrupted curves holds significant promise for operationalizing resilience in traffic 

management strategies. At the same time, the evolving landscape of Connected, Cooperative, 

and Automated Mobility (CCAM) technologies is not sufficiently reflected in current disruption 

modeling. While CCAM systems are well studied for their effects on traffic efficiency, safety, 

and emissions, their contributions to network adaptability during and after disturbances-via 

mechanisms such as cooperative rerouting, vehicle platooning, and automated incident 

response-are vastly underexplored. Bridging these two fronts calls for a more integrated 

framework in traffic management, where resilience is not treated as a post-hoc evaluation metric 
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but as a central design and operational objective. This involves advancing simulation platforms 

to account for real-time adaptations enabled by CCAM and embedding dynamic MFD-based 

indicators into control strategies, ultimately enhancing the preparedness and responsiveness of 

urban mobility systems under stress. 

Lack of Real-Time Integration and Feedback-Driven Simulation 

Most existing traffic simulation frameworks operate in offline mode, relying on predefined 

scenarios and static assumptions that limit their responsiveness to evolving traffic conditions. 

In parallel, real-time data streams-such as GPS traces, loop detector feeds, and even social 

media inputs-present an untapped opportunity for dynamic model calibration, predictive 

control, and continuous performance monitoring. However, the integration between real-time 

data sources and simulation environments remains minimal, resulting in a disconnect between 

simulation outputs and real-world dynamics. Bridging this gap requires the development of 

simulation platforms that support data assimilation, online learning, and feedback-driven 

adaptation. Incorporating techniques such as digital twins, model predictive control, and 

streaming data architectures could enable more resilient and adaptive traffic management 

systems, capable of responding to disruptions as they unfold. 

Fragmented Use of Data and Simulation 

Although data and simulation techniques have advanced independently, their integration 

remains limited. In most cases, data is used for calibration or validation, but not embedded into 

a feedback loop that dynamically influences simulation outputs. This limits the creation of true 

Digital Twin environments, where simulations update continuously based on real-world inputs 

and inform real-time decisions. Such integration is essential for resilient traffic management in 

evolving, uncertain scenarios. 

The identification of these research gaps provides the rationale for the development of the novel 

methodology presented in this dissertation. The following section outlines the central aim and 

objectives that guide this research effort. 

1.4 Aim and Objectives 

This dissertation seeks to address the aforementioned research gaps by developing a 

generalized, dynamic, and hybrid framework for assessing and improving the resilience of 

urban road networks. The proposed approach integrates simulation and data-driven 

methodologies to enable scenario-agnostic analysis, quantifiable metrics, and operational 

adaptability. It responds to the urgent need for a generalized, multi-scenario, and technology-

integrated resilience framework. It seeks to move beyond fragmented methods and, instead, 

proposes an approach capable of capturing complex dynamics, intermodal dependencies, and 

strategic responses across different network conditions. 

The main aim of the present dissertation is to develop a scalable, transferable, and validated 

methodology for evaluating the resilience of urban road networks under a range of disruption 

scenarios using simulation models, real-world data, and macroscopic traffic flow 

representations. This aim is pursued through a set of interconnected research objectives that 

reflect both theoretical development and applied implementation. 

Objective 1: Formalization of a Generalized Resilience Metric 
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Define and operationalize a resilience indicator that can be applied across different urban 

contexts, disruptions, and modeling environments. The metric will be multifaceted, in the sense 

of integrating multiple already-existing resilience-related metrics covering various aspects of 

resilience. Objective 1 is addressed in Chapter 3, Chapter 5, and Chapter 6. 

Objective 2: Simulation of Diverse Disruption Scenarios 

Simulate diverse disruption scenarios - including road closures, network failures, and demand 

surges - using a range of simulation paradigms (microscopic, mesoscopic, and macroscopic) to 

capture both fine-grained and aggregate system responses. The proposed methodology and 

resilience indicators will be empirically validated through a scenario-based analysis in the 

Athens metropolitan road network, serving as a real-world urban testbed. Objective 1 is 

addressed in Chapter 4, Chapter 5, and Chapter 6. 

Objective 3: Integration of Resilience in Traffic Management 

Incorporate the concept of Resilience in the decision-making process of Traffic Management. 

At first, investigate the utilization of Macroscopic Fundamental Diagrams (MFDs) to quantify 

network-wide degradation and recovery. Specifically, apply the throughput loss metric (area 

between baseline and disrupted MFD curves) and track performance recovery via time-evolving 

MFDs. Additionally, simulate the influence of Connected, Cooperative, and Automated 

Mobility technologies on resilience outcomes. Analyze how vehicle-to-vehicle and vehicle-to-

infrastructure communication, autonomous responses, and cooperative control affect recovery 

and delay propagation. Objective 3 is addressed in Chapter 4 and Chapter 6. 

Objective 4: Embedding Data-Driven Intelligence 

Leverage real-world data-such as GPS trajectories, loop detectors, and crowdsourced reports-

to calibrate simulations, detect disruptions, and apply clustering/machine learning techniques 

to identify critical components, bottlenecks, or delay patterns. Objective 4 is addressed in 

Chapter 3, Chapter 4, Chapter 5, and Chapter 6. 

Together, these objectives form a coherent strategy for building and testing a comprehensive 

resilience evaluation framework. The structure of the dissertation that delivers on these goals is 

outlined in the final section of this chapter. 

1.5 Structure of the Thesis 

The dissertation is structured into seven interlinked chapters that collectively develop, apply, 

and evaluate a novel framework for urban road network resilience. Each chapter contributes 

conceptually and methodologically to building a cohesive narrative that moves from 

foundational concepts to empirical analysis and actionable insights. The interdependencies and 

thematic progression among the chapters are illustrated in Figure 1. 

Chapter 1 – Introduction 

Presents the general research challenge, outlines existing gaps, and defines the dissertation’s 

aim and objectives within the context of urban transport resilience. 

Chapter 2 – Literature Review 
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Explores foundational and recent developments in resilience definitions, metrics, analysis 

types, data sources, and methodological approaches. It identifies gaps and supports the need for 

a hybrid framework integrating topological, simulation-based, and data-driven elements. 

Chapter 3 – Resilience Evaluation and Analysis of City-wide Transport systems 

Introduces the REACT framework, presenting the methodological rationale and combining 

graph theory, transport analytics, and resilience estimation across strategic and operational 

layers. 

Chapter 4 – Impact of Disruptions in Urban Road Networks 

Examines real-world and simulated disruption scenarios, including flood events and the role of 

Connected and Automated Vehicles. It evaluates their effects on traffic performance and spatial 

vulnerability in the Athens and Mandra cases. 

Chapter 5 – Generic Resilience of Urban Road Networks 

Applies quantitative resilience metrics to urban networks. It explores metric clustering, link 

importance under sequential eliminations, and structural vulnerability using the REACT 

metrics. 

Chapter 6 – Generic Resilience and Macroscopic Fundamental Diagrams 

Develops resilience-aware models using machine learning to estimate performance degradation 

across scenarios. It focuses on Macroscopic Fundamental Diagrams (MFDs) and their use in 

identifying the performance loss occurred in an urban road network due to corridor and 

intersection closures. 

Chapter 7 – Conclusions 

Summarizes the main findings, contributions, and implications. It reflects on limitations and 

proposes future research, including Digital Twin integration and multimodal extensions. 
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Figure 1: Dissertation workflow. 

 

•Establishes the research context, outlines key challenges in urban 
transport resilience, and presents the objectives and scope of the 

dissertation
Chapter 1 –Introduction

•Reviews theoretical and methodological advancements in 
resilience analysis, identifying key gaps and motivating the 

proposed framework
Chapter 2 –Literature Review

•Introduces the REACT framework, combining graph theory, 
simulation, and transport analysis into a unified resilience 

assessment approach

Chapter 3 –Resilience Evaluation and 
Analysis of City-wide Transport Systems

•Examines how real and simulated disruptions affect network 
performance, using empirical and scenario-based evaluations

Chapter 4 –Impact of Disruptions in 
Urban Road Networks

•Implements and evaluates resilience metrics, modeling link and 
structural importance under sequential eliminations

Chapter 5 –Generic Resilience of Urban 
Road Networks

•Utilizes machine learning and MFDs to predict performance 
degradation from corridor and intersection closures

Chapter 6 –Generic Resilience and 
Macroscopic Fundamental Diagrams

•Synthesizes findings, discusses methodological and policy 
contributions, and outlines future research directionsChapter 7 –Conclusions
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2 LITERATURE REVIEW 

Modern cities are changing rapidly leading to complex mobility patterns. On the other hand, 

transport infrastructure and processes still remain vulnerable to extreme Weather Events 

(EWEs), such as floods (Chalkiadakis et al., 2023; Eisenberg, 2004; Mitsakis, Stamos, 

Papanikolaou, et al., 2014; Norrman et al., 2000) and their impacts on a specific transportation-

related infrastructure (e.g., ports) (Nursey-Bray et al., 2013), road accidents or other types of 

incidents (Sekadakis et al., 2021; Y. Lu et al., 2022; Hunter et al., 2024) or even disturbances 

connected to technological advancements (Buinevich & Vladyko, 2019; Ganin et al., 2019; 

Markolf et al., 2019). Despite the existence of information and technological advancements, 

such as the recently introduced Cooperative, Connected, and Automated Mobility (CCAM), the 

ability of transportation networks to withstand and bounce back from disruptive phenomena 

remains a challenge for both researchers and practitioners.  

Resilience is characterized by complexity, which may differentiate according to the point of 

view under which disturbances are examined (Ahmed & Dey, 2020; Twumasi-Boakye & 

Sobanjo, 2019; Wan et al., 2018). It is highly acknowledged that all disturbances which may 

occur to a transportation network have impact on its performance and, thus, the resilience of a 

transportation network to any kind of event needs to be examined, as mentioned also in other 

studies such as (Twumasi-Boakye & Sobanjo, 2019). Recently, resilience has been also coined 

as a feature of the transportation system and not as an outcome of a certain disturbance 

(Chalkiadakis et al., 2022; Tang et al., 2020). This broader concept can be extremely valuable 

for monitoring and managing future mobility conditions in complex smart urban environments. 

Further examination of transportation-related resilience by studying the integration of new 

innovative technologies and their impacts in the resilience of transportation networks can be 

deemed as important. 

In the present paper, a review on the concept and applications of resilience, both in terms of its 

definition and quantification with the aim of revealing emerging research topics concerning the 

integration of resilience in the process of designing and implementing advanced Traffic 

Management Strategies (TMS) is presented. The above is conducted in the framework of 

Information and Communication Technologies (ICT) advancements in connectivity and 

automation in the field of transportation. Specifically, the following research questions are 

raised and aimed to be addressed in the present research: 

¶ What is resilience and why is important? 

¶ How can resilience be quantified? 

¶ Which are the main research questions concerning transportation resilience? 

The remainder of the Section is structured as follows: In Section 2.1 various resilience 

definitions are provided, the resilience-related layers are discussed, and the main resilience-

related metrics are introduced. Then, in Section 2.2 the main methods for quantifying resilience 

are presented and discussed. Special focus is given in simulation methods for resilience 

quantification. Next, in Section 2.3 the data sources used in resilience analysis are discussed. 

Finally, Section 2.4 includes challenges which are related to resilience, but they are also 
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oriented towards the integration of the new technological advancements in the concept of 

resilience. 

2.1 Defining Resilience 

Resilience, a concept that has garnered significant attention across various disciplines, 

including ecology, engineering, and social sciences, is increasingly recognized as a key element 

in the study of transportation networks. However, despite its widespread use, resilience lacks a 

universally accepted definition, largely due to its multifaceted and context-dependent nature 

(Wan et al., 2018; Y. Zhou et al., 2019). The interpretation of resilience varies across disciplines 

and is highly influenced by the specific system under consideration and the types of disruptions 

it faces. In the context of transportation, resilience is often broadly defined as the ability of a 

system to withstand, adapt to, and recover from disruptions, thereby maintaining a certain level 

of functionality or performance. 

This broad definition, while useful as a starting point, requires further refinement to be 

effectively applied in the analysis and management of transportation networks. Key aspects that 

need to be considered include: 

¶ The nature of disruptions: Transportation networks can be affected by a wide range of 

disruptions, including natural disasters (e.g., earthquakes, floods, hurricanes), 

technological failures (e.g., power outages, cyberattacks), and human-caused events 

(e.g., accidents, terrorist attacks). The characteristics of these disruptions, such as their 

magnitude, duration, and spatial extent, can significantly influence the system's 

response and recovery. 

¶ The system's performance: The performance of a transportation network can be 

measured in various ways, including traffic flow, travel time, accessibility, and 

throughput. The definition of resilience should specify the performance metrics that are 

most relevant to the analysis and the acceptable levels of performance under disrupted 

conditions. 

¶ The system's response: A resilient transportation network is not only able to withstand 

disruptions but also to adapt to changing conditions and recover quickly and efficiently. 

This may involve implementing alternative routes, adjusting traffic management 

strategies, and providing timely information to travelers. 

Given the context-specificity of resilience, it is essential to categorize resilience studies based 

on the type of transportation network under consideration. Research has been conducted on 

various transport network types, including: 

¶ Road transport networks: Studies in this area have focused on the impact of disruptions 

on traffic flow, congestion, and accessibility, and on strategies for enhancing network 

resilience through infrastructure design, traffic management, and emergency response 

(Bhavathrathan & Patil, 2015; Calvert & Snelder, 2018, 2018; Do & Jung, 2018; El 

Rashidy & Grant-Muller, 2019; Ganin et al., 2017; Gauthier et al., 2018; Gonçalves & 

Ribeiro, 2020; Murray-tuite, 2006). 

¶ Supply chain networks: Research in this area has examined the resilience of supply 

chains and the impact of disruptions on the movement of goods (H. Chen et al., 2017; 

L. Chen & Miller-Hooks, 2012; Nair et al., 2010; Ta et al., 2009). 
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¶ Maritime and waterway transport networks: Studies have investigated the resilience of 

ports and shipping routes to disruptions such as storms and accidents (Alderson et al., 

2020; Asadabadi & Miller-Hooks, 2018; Baroud et al., 2014, 2015; Y. Wang, Zio, et 

al., 2019; D. Zhang et al., 2016). 

¶ Air transport networks: Research has focused on the impact of disruptions on flight 

schedules, airport operations, and passenger travel (Dunn & Wilkinson, 2016; Janić, 

2015). 

¶ Rail transport systems: Studies have examined the resilience of rail networks to 

disruptions such as accidents, weather events, and infrastructure failures (Adjetey-

Bahun et al., 2016; Bababeik et al., 2018; Bešinović, 2020; R. Chan & Schofer, 2016; 

D’Lima & Medda, 2015; Gu et al., 2020; Janić, 2018). 

Early definitions primarily share a common thread in defining resilience as the physical ability 

of infrastructure to absorb and recover from disruptions. More recent studies have expanded 

resilience definitions to include functional and behavioral dimensions, addressing adaptation 

strategies, redundancy, and operational adjustments. Infrastructure resilience focuses on 

physical durability, operational resilience addresses functionality under stress, ecological 

resilience introduces system adaptability, user-centric resilience considers human responses, 

and time-based resilience measures the speed of returning to pre-disruption performance. 

Table 1. Resilience concepts. 

Perspective Definition Focus Representative Research 

Infrastructure Physical durability, capacity to withstand 

disruptions 

(Ganin et al., 2017; 

Murray-tuite, 2006) 

Operational Functionality and service continuity under 

stress 

(Cats & Jenelius, 2018; El 

Rashidy & Grant-Muller, 

2019) 

User-centric Human responses to transport disruptions (Gauthier et al., 2018; 

Jenelius & Mattsson, 2015) 

Time-based Speed of network recovery post-

disruption 

(Ganin et al., 2017; Henry 

& Emmanuel Ramirez-

Marquez, 2012) 

 

Table 1 illustrates the variability in how resilience is conceptualized, highlighting aspects such 

as recovery time, adaptability, and impact measurement. Traditional studies predominantly 

utilized static resilience measures, whereas contemporary research integrates adaptive, dynamic 

models. Infrastructure resilience remains central in contexts like highway design and flood 

mitigation, whereas operational resilience significantly impacts traffic management and 

emergency response strategies. 

Except for the above, there is research which define resilience in a more generic way. In (Baroud 

et al., 2015), resilience is defined in a stricter way, as a function which allows for quantification 

of the impacts an event may have in the performance of a system. In (Serulle et al., 2011) 

resilience is defined as the ability of a transportation system to absorb the disruption caused by 

an event, for the system to be restored in its previous state. In (Henry & Emmanuel Ramirez-

Marquez, 2012) resilience is defined as the time-dependent ratio of recovery from a 
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performance loss due to a disruptive event that already took place. In (Carpenter et al., 2001) 

resilience is defined as a capacity of each transportation system, a definition relevant to the one 

of (Serulle et al., 2011). 

All the studies mentioned define resilience as the system’s ability to maintain acceptable 

performance despite disruptive events. However, this generic definition doesn’t capture the 

specific conditions of each event. This research adopts definitions for general transportation 

networks, which focus on recovery timeframes and operational performance during 

disturbances. 

While resilience generally means maintaining system performance during disruptions, the 

question that arise is the following: should definitions be tailored to specific disruption types 

or universal across scenarios? Current resilience studies mostly address specific disruptions like 

extreme weather events or infrastructure failures. Emerging risks like cybersecurity threats and 

socio-economic disturbances add complexity. Quantifying resilience varies widely by event 

type, leading to inconsistencies across studies. 

To address this, a more standardized approach integrating systemic performance indicators and 

adaptive response mechanisms is needed. Real-time data, predictive analytics, and 

comprehensive risk assessments can provide robust, scalable frameworks for diverse 

transportation systems. 

2.1.1 Resilience-related layers 

Literature reveals various resilience-related layers exist. Table 2 provides an overview of 

resilience-related metrics exist in previous research. 

Table 2. Resilience-related layers, definitions, and associated references. 

Layer Definition Applications Representative references 

Adaptability/ 

Flexibility 

Capacity 

for 

dynamic 

operational 

adjustments 

Intelligent 

Transport 

Systems (ITS), 

Real-Time Traffic 

Management 

(Berle et al., 2013; Bhamra et al., 

2011; Cox et al., 2011; Faturechi & 

Miller-Hooks, 2013; Fiksel, 2003; 

Goetz & Szyliowicz, 1997) 

Recoverability Efficiency 

of network 

recovery 

post-

disruption 

Emergency 

response, disaster 

recovery planning 

(Adams et al., 2012; Baroud et al., 

2014; Di Muro et al., 2016) 

Redundancy Availability 

of 

alternative 

routes and 

modes 

Multi-modal 

networks, Real-

life urban road 

networks 

(Fiksel, 2003; Haimes, 2009; Ivanov 

et al., 2014; Klibi et al., 2010; Liao et 

al., 2018; Omer et al., 2012; 

Tukamuhabwa et al., 2015) 

Robustness Resistance 

to 

disruption 

Bridge design, 

flood mitigation, 

infrastructure 

plans 

(Abdulla & Birgisson, 2021; Baroud 

et al., 2014; Blockley et al., 2012; 

Faturechi & Miller-Hooks, 2015; 
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Layer Definition Applications Representative references 

Jenelius & Mattsson, 2021; Y. Liu et 

al., 2022) 

 

Table 2 presents the terms of importance for evaluating transport network resilience. 

Robustness is vital for infrastructure-intensive projects, redundancy significantly aids 

multimodal transport planning, adaptability is crucial for Intelligent Transport Systems (ITS), 

and recoverability plays a key role in disaster response and recovery planning. Comprehensive 

integration of these layers ensures that transport networks remain strong, flexible, and adaptive.  

Additionally, it can be observed in Table 2 that performance is a term of importance. From a 

performance’s point of view, and based on the relevant literature (Baroud et al., 2014; D’Lima 

& Medda, 2015; Enjalbert et al., 2011; Leobons et al., 2019; Shafieezadeh & Ivey Burden, 

2014; Tang et al., 2020), the impacts of a disturbance on transportation networks are illustrated 

through the resilience triangle. The resilience triangle, as in Figure 2, illustrates the variations 

in network performance across disruption phases, emphasizing adaptability, recoverability, 

redundancy, and robustness. The resilience triangle thus clarifies performance dynamics during 

disruptive events, quantifying the extent of functionality loss and recovery. 

 

Figure 2: The resilience triangle. 

Mathematically, the resilience triangle is expressed as: 

Ὑ  ρ  
ὖὸ

ὖ
Ὠὸ 

(1) 

 

, where ὖ is the initial system performance, ὖὸ is the system performance at time ὸ, ὸ is the 

disruption onset, and ὸ is the full recovery time. This integral quantifies the performance loss 

during a disruption, making the resilience triangle a widely used analytical tool. 
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It is also worth noting It is also worth noting that the resilience triangle illustrates the three 

disaster management phases (Church & Scaparra, 2007; Iida et al., 2000; Konstantinidou et al., 

2014; Peeta et al., 2010): preparation, impact, and recovery. Integrating proactive traffic 

management strategies, especially in preparation and recovery phases, can significantly alter 

resilience outcomes. Examining how demand-side rebalancing solutions influence performance 

recovery is critical for comprehensive resilience planning and effective mitigation of network 

vulnerabilities. 

It is to note that, in transportation related phenomena resilience must account for traffic demand, 

capacity, and flow for a thorough and complete assessment of resilience, yet this approach is 

complex and computationally demanding (Ahmed & Dey, 2020). For example, one of the useful 

metrics is “shortest path”, however shortest path because of a path assignment methodology, 

such as Frank-Wolfe assignment, cannot be thought of as a pure metric. The inclusion of other 

metrics, which are directly related to path assignment and shortest paths, is needed. Such 

metrics exist in the literature, and they namely are efficiency (Latora & Marchiori, 2001; Osei-

Asamoah & Lownes, 2014) and criticality (Nagurney & Qiang, 2008). 

2.1.2 Resilience-related metrics 

There are three main categories of resilience-based metrics for transportation systems: 

topological metrics, attribute-based metrics and performance metrics. Topological metrics 

focus only on the structure of the transportation system, while ignoring its dynamic features. 

The effect of this fact is that said metrics do not manage to capture and incorporate in their 

concept the dynamic nature of resilience. Examples of topological metrics are the network 

diameter, centrality, and redundancy (Aydin et al., 2018; Mitsakis et al., 2015; Schintler et al., 

2007; Testa et al., 2015; X. Zhang et al., 2015). Attribute-based metrics usually focus only on 

one of the several layers/ aspects of resilience. Attribute-based metrics are of importance as 

they manage to clearly examine one resilience layer, hence they do not have the ability to 

describe the complexity and multi-variable dependency of resilience fully and clearly. 

Examples of attributes-based metrics are adaptability, safety, and recovery time (Adams et al., 

2012; D’Lima & Medda, 2015; Hosseini & Barker, 2016; Mojtahedi et al., 2017; Murray-tuite, 

2006; Y. Wang et al., 2015). Finally, performance metrics are designed to examine the overall 

transportation system’s performance over the whole period it is affected by disruptive events. 

Performance metrics provide a more integrated approach towards investigating the resilience 

of a transportation network, as they capture the dynamic nature of resilience, and they manage 

to examine more complex and more generic variables as the ones of attribute-based metrics. 

Examples of performance metrics are degradation of system quality over time (Shang et al., 

2020), time-dependent ratio of recovery to loss (Henry & Emmanuel Ramirez-Marquez, 2012), 

and expected fraction of demand satisfied in post-disaster network using specific recovery costs 

(L. Chen & Miller-Hooks, 2012). 

Evidently, a closer look at the above metrics shows that the resilience of a given transportation 

network is usually defined under a specific point-of-view. This fact leads to an inherent 

difficulty in studying resilience in its entirety. But do we need to investigate multiple objectives 

when studying resilience? If yes, is there the need to design and develop new evaluation 

frameworks which will manage to investigate resilience in a more complex and more integrated 

way? (Leobons et al., 2019) mentioned the need to introduce a generic Resilience Index which 

will be able to examine the resilience of a transportation network through the consideration of 

topological, attribute-based, and performance metrics. Additionally, (Serdar et al., 2022) 



Literature Review 

14 

indicates the need for the introduction and definition of a resilience reference metric which 

needs to be based on extensive comparative assessments. 

2.2 Methods for Quantifying Resilience 

In the relevant literature multiple ways of quantifying resilience emerge, spanning from the 

approach used towards resilience quantification to the scope of the analysis and the tools used 

to quantify resilience. This is illustrated in Figure 3 and discussed below. 

 

Figure 3: Resilience quantification methods as identified in the relevant literature. 

Traditional resilience assessments primarily focused on network redundancy and robustness, 

evaluating connectivity under stressful conditions. To this end, previous research categorizes 

resilience analysis in two (2) types: qualitative approaches, which mostly are policy-driven 

assessments and conceptual resilience planning, and quantitative approaches which are 

numerical assessments using graph-theoretic models, performance metrics, and simulation-

driven analytics. It shall be noted that the majority of previous research consist of quantitative 

studies (Ahmed & Dey, 2020; Freckleton et al., 2012; Lee et al., 2013; Twumasi-Boakye & 

Sobanjo, 2019; Wan et al., 2018; Y.-M. Wang & Elhag, 2007). 

Qualitative approaches emphasize policy-driven frameworks, governance structures, and 

stakeholder collaboration, which shape resilience conceptualization and implementation. Such 

methods aim to assess the transportation networks in qualitative terms like high, medium, and 

low (Freckleton et al., 2012; Lee et al., 2013; Y.-M. Wang & Elhag, 2007) and are frequently 

employed by urban planners and policymakers to establish benchmarks and regulatory 

strategies. Stakeholder-driven risk analyses, involving transport officials, city planners, and 

local authorities, are widely applied for vulnerability assessments and resilience objectives 

definition (Begum et al., 2022). It is worth noting that qualitative methods, although insightful, 

lack empirical rigor and quantitative validation (Mattsson & Jenelius, 2015). Thus, their 

effectiveness significantly improves when integrated with quantitative frameworks and real-

time predictive models (Ganin et al., 2019). 

Departing from the traditional qualitative approaches for resilience assessment, quantitative 

approaches can be distinguished either based on the scope of the analysis or the tools used to 

quantify resilience. From the perspective of the scope of the analysis, the system is studied 
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either through its components (component-based analysis) or as an entity (network-based 

analysis). Component-based analysis focus on certain components of the transportation 

network (e.g., ports or corridors), but the resilience of the entire transportation system is not 

considered as a study object (Enjalbert et al., 2011; Nair et al., 2010; Voltes-Dorta et al., 2017). 

In contrast, network-based analysis consider the network with all its discrete components as a 

single object of study (Chalkiadakis et al., 2022; Mitsakis et al., 2015; Murray-tuite, 2006; 

Nagurney & Qiang, 2008). In Error! Reference source not found. and Error! Reference so

urce not found. more information concerning component-based and network-based methods 

of resilience analysis respectively can be found. 

Table 3. Components-based methods of resilience analysis. 

Metrics Approach Indicative references 

Average ratio of 

throughput achieved 

and total demand 

Quantification of vulnerability as result of 

inherent reliability and short-term recovery 

activities for ports and other intermodal 

components in freight systems 

(Nair et al., 2010) 

Global and local 

resilience 

Assessment of instantaneous resilience of 

human machine system in trains/ tramways 

(Enjalbert et al., 

2011) 

Aggregate delay and 

relocation rate 

Analysis of aggregate delay and relocation 

rate of passengers 

(Voltes-Dorta et al., 

2017) 

 

Table 4. Network-based methods of resilience analysis. 

Metrics Approach Indicative references 

Connectivity and 

serviceability 

Risk assessment method for 

emergency response 

planning and management 

(Mitsakis et al., 2015) 

Congestion index Fuzzy inference for analysis 

of road segments’ 

congestion 

(Hamad & Kikuchi, 2002) 

Adaptability and 

recoverability 

Resilience for system 

optimum and user 

equilibrium traffic 

assignment 

(Lhomme et al., 2013; Murray-tuite, 

2006) 

Incident impact 

factor 

Identification of vulnerable 

links in road network due to 

incidents 

(Tampère et al., 2007) 

Direct and Indirect 

costs – Economic 

impacts 

Assessment of economic 

impacts 

(Omer et al., 2012; Tatano & 

Tsuchiya, 2008; Vugrin et al., 2010) 

Travel time resilience Model with equilibrium 

constraints to measure and 

(Omer et al., 2012; X. Zhang et al., 

2019) 
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Metrics Approach Indicative references 

maximize travel time 

resilience 

Environmental 

resilience 

Framework to facilitate 

decision making process 

(Omer et al., 2012, 2013) 

Time-dependent 

network resilience 

Assessment of resilience, at 

system level, with a time-

dependent resilience index 

(Heaslip et al., 2010; Ouyang et al., 

2012; Ramachandran et al., 2016; 

Serulle et al., 2011) 

Vulnerability and 

Criticality 

Identification of vulnerable 

and critical links, in 

qualitative and quantitative 

terms 

(Chalkiadakis et al., 2022; Croope, 

2012; Mitsakis et al., 2015; Morelli 

& Cunha, 2021; Mou et al., 2020; 

Nagurney & Qiang, 2008; D. Z. W. 

Wang et al., 2016) 

Network resilience Network resilience 

quantification for disaster 

scenarios 

(H. Chen et al., 2017; Ip & Wang, 

2011; Jin et al., 2014; Miller-Hooks 

et al., 2012) 

Accessibility Identification of vulnerable 

road segments 

(Taylor & Susilawati, 2012) 

Post-event resilience 

level 

Quantification of network 

resilience and identification 

of post-event activities 

(L. Chen & Miller-Hooks, 2012) 

Total recovery time Post-event scheduling 

optimization for bridge 

network 

(W. Zhang et al., 2017) 

Redundancy Optimization of network 

models to evaluate network 

redundancy 

(Fiksel, 2003; Haimes, 2009; 

Ivanov et al., 2014; Klibi et al., 

2010; Liao et al., 2018; Omer et al., 

2012; Tukamuhabwa et al., 2015) 

Delay, cost, distance, 

and emissions 

Supply chain modal shift by 

assessing the resilience of 

static intermodal and 

dynamic synchromodal 

solutions 

(Ambra et al., 2019) 

Overall resilience and 

vulnerability 

Public transport assessment, 

by using Fuzzy Logic 

techniques, at city and 

country wide level 

(M. Chen & Lu, 2020; Santos et al., 

2020) 

Utilization rate Service utilization from 

queueing theory to extract 

insights regarding a supply 

chain’s resilience.  

(Al Hajj Hassan et al., 2019) 

Efficiency Inverse of average shortest 

path length 

(Chalkiadakis et al., 2022; Latora & 

Marchiori, 2001; Osei-Asamoah & 

Lownes, 2014) 

Macroscopic 

Fundamental 

Area between baseline and 

disrupted MFD curves 

(Q.-L. Lu et al., 2024) 
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Metrics Approach Indicative references 

Diagrams (MFDs) 

Throughput Loss 

Recovery Time Time taken to restore 

baseline conditions 

(Y. Liu et al., 2022; W. Zhang & 

Wang, 2016; X. Zhang & Miller-

Hooks, 2015) 

 

Focusing on the tools used to quantify resilience, diverse methodologies are involved ranging 

from empirical data evaluations to advanced computational modeling techniques. Recent 

methods integrate machine learning, agent-based modeling, and optimization algorithms to 

provide scalable, real-time resilience assessments. The methods for quantifying resilience can 

be categorized in three (3) main categories: topological methods, analytical methods, and 

simulation methods. In the present Dissertation, special focus is given on simulation methods, 

as the majority of the literature falls into this category. 

2.2.1 Topological Methods 

Topological methods are based on the topology of the network and express resilience by 

examining the networks’ characteristics. These models have explicit expressions mostly relying 

on the calculation of shortest path and some of them are determined by node degree distribution 

(Guze, 2019; Jenelius et al., 2006; Mattsson & Jenelius, 2015; Mitsakis et al., 2015; Mitsakis, 

Stamos, Papanikolaou, et al., 2014; P. M. Murray-Tuite & Mahmassani, 2004; Nagurney & 

Qiang, 2008). 

2.2.2 Analytical and Data Driven Methods 

Analytical methods make use of logical models like event and fault tree analysis (Gheorghe et 

al., 2005; Akgün et al., 2015), Bayesian analysis (P. Murray-Tuite, 2010; Tang et al., 2020), 

Data Envelopment Analysis (Khaghani & Jazizadeh, 2020), and Analytic Hierarchy Process 

(AHP) (Mabrouki et al., 2014; Morshed et al., 2020) to analyze each condition under the prism 

of possible responses and failure states. Analytical methods are rather complicated, especially 

if large transportation networks’ resilience is investigated. The complexity of analytical 

methods in the case of large transportation networks lies on the existence of various scenarios 

and decision-making options that can take place when large transport networks operation is 

disrupted. 

Data-driven methods are increasingly pivotal in evaluating the resilience of transportation 

networks, especially in the context of dynamic, large-scale disruptions such as natural disasters, 

accidents, or system failures. Unlike model-driven simulation frameworks, data-driven 

methods do not simulate internal system mechanisms directly. Instead, they focus on analyzing 

historical or real-time performance metrics derived from empirical observations. This allows 

for the assessment of system behavior under varied disruption scenarios, offering powerful 

insights into resilience without requiring detailed physics-based modeling (Y. Chen et al., 

2025). 

In (Du et al., 2025), a hybrid framework combining clustering algorithms and transformer 

neural networks is developed, to recognize network traffic states from large-scale AVI 

(Automatic Vehicle Identification) and sensor data. The approach quantifies operational 
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resilience by identifying the transition points between normal and disrupted traffic states, 

enabling real-time network management. Key performance metrics, including speed variance 

and trajectory entropy, are automatically extracted and classified to produce adaptive resilience 

indicators suited to incident response and urban mobility planning. 

In (Zang, Ding, et al., 2024), a Machine Learning-based assessment framework for the 

resilience of urban road networks during rain-induced disruptions is presented. By integrating 

large time-series datasets (traffic speed, flow, network connectivity) with neural predictive 

models, the authors forecast network degradation and recovery time. Their results demonstrate 

improved early warning accuracy and refined quantification of resilience through dynamic data 

analysis, providing actionable intelligence for traffic operators under adverse weather. 

In (Kazmi et al., 2023), an empirical, data-driven workflow for dynamic resilience assessment 

is proposed. Said process calibrates iterative traffic assignment models with observed flow and 

speed data. Researchers quantify resilience by simulating various network disruption scenarios 

(road closures, accidents), tracking volume-delay functions and recovery timelines. The 

validated framework enables urban planners to assess response strategies and prioritize 

infrastructure investments using real-world data. 

In (Shang et al., 2020), deep reinforcement learning is utilized to optimize traffic signal controls 

and analyze daily urban traffic dynamics from the perspective of resilience. Simulation 

experiments with convolutional neural networks reveal that adaptive controls improve 

throughput and reduce disruption recovery periods. The data-driven framework enhances the 

theoretical understanding of urban road network responses to sudden failures. 

Finally in (Contreras & Torres-Machi, 2025), anonymized crowdsourced traffic data from 

smartphones and vehicles is leveraged for network resilience estimation at the community 

scale. By mapping travel delay, incident frequency, and adaptive route choices, the authors build 

resilience indices that facilitate rapid vulnerability assessment and guide targeted improvement 

strategies for urban planners. 

2.2.3 Simulation Methods 

Simulation methods are instrumental in assessing and enhancing the resilience of urban road 

networks. The complexity and dynamic nature of urban traffic flow, coupled with the potential 

for diverse disruptions, necessitate sophisticated simulation tools. Simulation approaches offer 

powerful means to evaluate how transportation systems perform under stress, enabling scenario 

testing, strategy validation, and risk-informed decision-making. These methods go beyond 

simple analytical assessments by modeling the temporal and spatial dynamics of disruptions. 

Therefore, opposingly to analytical methods, simulation methods for resilience analysis on 

large transportation networks go beyond simple calculations, building upon diverse 

mathematical fields like graph theory (Mishra et al., 2012; Schintler et al., 2007; Svendsen & 

Wolthusen, 2007), game theory (Bhavathrathan & Patil, 2015; Y. Chan, 2015), fuzzy logic (Cho 

et al., 2002; Gürcanli & Müngen, 2009; Pinto et al., 2012; Serulle et al., 2011; Y.-M. Wang & 

Elhag, 2007), and optimization (Nair et al., 2010; L. Chen & Miller-Hooks, 2012; H. Chen et 

al., 2017; Asadabadi & Miller-Hooks, 2018; C. Liu et al., 2009; Miller-Hooks et al., 2012; 

Faturechi & Miller-Hooks, 2013; Jin et al., 2014; X. Zhang & Miller-Hooks, 2015; Azad et al., 

2016; Soltani-Sobh et al., 2016; W. Zhang & Wang, 2016; Kaviani et al., 2017), and 

incorporating broader strategic approaches such as scenario analysis (Azolin et al., 2020; Z. Liu 
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et al., 2022; Morelli & Cunha, 2021; Murray-tuite, 2006; Nair et al., 2010). Error! Reference s

ource not found. below presents a comprehensive overview of the latter. 

Table 5. Approaches utilized in simulation-based resilience analysis. 

Approach Key feature Applications Key references 

Scenario 

Analysis 

Explores multiple what-

if scenarios 

Disaster planning, 

network stress-testing, 

proactive planning by 

evaluating network 

performance under 

hypothetical disruption 

scenarios 

(Ganin et al., 2017; 

Henry & Emmanuel 

Ramirez-Marquez, 

2012; Nair et al., 

2010; Sun et al., 2020) 

Graph-

Theoretical 

Connectivity, 

redundancy, and critical 

node/link detection 

Node/link failure analysis (Mishra et al., 2012; Y. 

Zhou et al., 2019) 

Game-

Theoretic 

Agent interactions and 

competition for network 

resources 

Traffic behavior 

modeling, response 

dynamics 

(Asadabadi & Miller-

Hooks, 2018; 

Bhavathrathan & Patil, 

2015) 

Fuzzy Logic Incorporates linguistic 

and vague data (e.g., 

qualitative terms like 

‘high risk’, moderate 

congestion’) through 

membership functions 

Human behavior in 

emergencies; risk and 

uncertainty modeling 

(Cho et al., 2002; 

Deveci et al., 2023) 

Probabilistic 

Models 

Simulates stochastic 

failure and system 

degradation scenarios 

Seismic/flood impact 

modeling 

(Ghosh & Padgett, 

2010) 

Optimization Identifies best 

interventions, routing, 

and recovery schemes 

TMS design, resilience 

planning 

(Azad et al., 2016; 

Dong et al., 2025; X. 

Zhang & Miller-

Hooks, 2015) 

 

Simulation models allow for the identification of both vulnerable components of the 

transportation networks and optimal TMS (Sun et al., 2020). Simulation models can be a 

valuable tool for examining the resilience of transportation networks, considering the 

capabilities such methods and models have, as well as the latest technological advances (e.g., 

quantum computing) which allows for short computational times when large transportation 

networks are under examination (Asadabadi & Miller-Hooks, 2018; Nan & Sansavini, 2017). 

Additionally, in (Osei-Asamoah & Lownes, 2014) a link-based approach to two transportation 

networks under two disruption strategies have been used, and, thus, global efficiency and 



Literature Review 

20 

relative size of giant component metric have been introduced. (Franchin & Cavalieri, 2015) 

implemented a new resilience metric, which considered the characteristics of network 

efficiency and displaced population under a disruptive event has been introduced. 

Concerning the scope of the simulation analysis, and by having in mind the complementary 

roles of the simulation paradigms and the high degree of heterogeneity in urban transportation 

systems (including diverse vehicle types, varying driver behaviors, and complex traffic 

patterns), the integration of different model types (microscopic, mesoscopic, macroscopic, and 

agent-based) is advised since that offers a flexible modeling environment that can adapt to both 

detailed operational studies and strategic planning tasks (Huang et al., 2022). Agent-based 

models (ABMs) and microscopic simulation models are particularly well-suited for this 

purpose (Axhausen & ETH Zürich, 2016; Bekhor & Toledo, 2014b; Brackstone & McDonald, 

1999b). Agent-based modeling further enhances hybrid methodologies by simulating 

individual user behaviors and interactions, providing deeper insights into behavioral responses, 

evacuation dynamics, and adaptive user behavior during disruptions (He & Liu, 2012; Mostafizi 

et al., 2019). 

Particular attention should be paid to Macroscopic Fundamental Diagrams (MFDs), which 

serve as a macroscopic representation of traffic performance at the network level.  Inspired by 

the foundations of Wardrop (Wardrop, 1968), where a generic relation between average speed 

and flow has been proposed, various research like (C. Daganzo, 2005; C. F. Daganzo, 2007; C. 

F. Daganzo & Geroliminis, 2008; Geroliminis & Daganzo, 2008b; Godfrey, 1970; Leclercq & 

Geroliminis, 2013; Mahmassani et al., 1987) are focused on MFDs and their existence in 

various networks and under various conditions. MFDs show the relationship between vehicle 

density and flow at an aggregate level and provide an intuitive way to evaluate both steady-

state and dynamic behaviors of traffic systems during disruptions. The area between the 

baseline and disrupted MFD curves represents the Total Network Throughput Loss, which is a 

robust metric of resilience degradation, as shown in (Chalkiadakis & Vlahogianni, 2025a). 

Figure 4 below visually compares the system performance under normal and disrupted 

conditions. The disrupted curve demonstrates both a lower peak flow and a leftward shift in 

critical density. The shaded region between the two curves quantifies the throughput loss, a 

widely accepted measure of resilience degradation. This graphical representation helps in 

intuitively understanding system vulnerabilities and the impact of mitigation strategies. 
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Figure 4: Macroscopic Fundamental Diagram – Baseline vs. Disruption scenarios. 

 

Interestingly, there are few research attempts on the possibility to utilize MFDs towards 

evaluating the resilience of urban road networks. (Kim & Yeo, 2017) made use of MFDs to 

assess the criticality of network links by proposing a network performance loss indicator. 

However, this research is limited to link-level disruptions for assessing the criticality, following 

the traditional path for criticality quantification (Chalkiadakis et al., 2022; Nagurney & Qiang, 

2008). In the research of (Gao et al., 2022) the use of MFDs is associated with a resilience-

oriented perimeter control methodology in a two-region network. This research is limited in the 

sense that a two-region network is used and the shape of MFDs is considered parabolic. This is 

also mentioned by the authors; there is the need for a multi-region network, which is closer to 

real-life networks, to be taken into consideration. In (Mylonas et al., 2023) MFDs are used to 

identify the most critical links of the network, however no statistically significant correlation 

was found, since analyses are based on non-realistic networks (e.g. Sioux-Falls, Anaheim, 

Tiergarten, Berlin, and Chicago). Another drawback of the methodology used in (Mylonas et 

al., 2023), as mentioned also by the authors, is the fact that the flow-density MFD is utilized, 

departing from the use of other travel disutility attributes, such as trip completion rate. Finally, 

in (Q.-L. Lu et al., 2024) MFDs-based resilience indicators are proposed and a regression model 

to describe the relationship between topological attributes of transportation networks and the 

traffic resilience of transportation systems is introduced. 

Moreover, simulation outputs such as vehicle trajectories, average speeds, or density 

distributions can be used to generate real-time MFDs within Digital Twin frameworks, which 

support dynamic and adaptive resilience evaluation (Kušić et al., 2023; Sharma et al., 2022). 

Advanced simulation techniques for urban resilience include balancing model types. While 

microscopic and agent-based models receive significant attention due to their ability to 

represent heterogeneity, it's essential to acknowledge the role of macroscopic and mesoscopic 

models. Macroscopic models, as shown in (Papageorgiou, 1990b), are particularly useful for 

large-scale network resilience analysis, offering a computationally efficient way to assess the 

impact of disruptions on overall network performance. Mesoscopic models, as outlined in 

(Algherbal & Ratrout, 2025), bridge the gap between microscopic and macroscopic simulation, 

allowing for a balance between detail and computational efficiency. 

2.2.4 Hybrid Methods 

As illustrated in Figure 3, hybrid methods for resilience quantification are utilized as a superset 

which combines topological, analytical and statistical, and simulation methods for providing 

multifaceted resilience quantification. 

In terms of relevant literature, (D. Li et al., 2022) proposes a hybrid method combining network 

performance modeling with resilience assessment under flood disaster scenarios, integrating 

simulation-based degradation, recovery, and structural vulnerability analysis. (Carramiñana et 

al., 2024) develops a hybrid simulation framework combining agent-based and system 

dynamics approaches for urban risk mitigation and resilience evaluation, capturing both traveler 

behavior and network effects. (Ashja-Ardalan et al., 2025) integrates topological, functional, 

and human flow vulnerabilities in a hybrid framework assessing urban road network resilience 

to climate change impacts, leveraging multiple data and modeling techniques. (Chalkiadakis et 
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al., 2022) present a hybrid framework using topological analysis, simulation, and machine 

learning for urban road network criticality and vulnerability identification. 

Interestingly, the relevant literature provided is mostly focused on combining simulation 

models with other tools and techniques to properly quantify resilience. To this end, the potential 

of simulation models to be used as the backbone of hybrid methodologies for resilience analysis 

if further discussed. At first, the integration of GIS and big data analytics, with simulation 

methods, enables detailed spatial-temporal analyses of network vulnerabilities, facilitating 

accurate urban vulnerability mapping and real-time incident detection (Ranabahu et al., 2025; 

X. Zhou et al., 2025). 

Furthermore, simulation models can be integrated with real-time traffic management systems 

to evaluate the effectiveness of adaptive control strategies. This allows for the assessment of 

how traffic signals, ramp metering, and other control measures can be adjusted to mitigate the 

impact of disruptions (Chalkiadakis & Vlahogianni, 2025a; Papageorgiou, 1990b). 

Considering disruptions, including traffic incidents, extreme weather events, and infrastructure 

failures, simulation models can be used to simulate these disruptions and assess their impact on 

traffic flow, travel time, and network accessibility (Jenelius & Mattsson, 2012; Osorio & 

Bierlaire, 2009). They also allow for evaluation of various resilience strategies, such as 

alternative routing (P. M. Murray-Tuite & Mahmassani, 2004), dynamic signal control 

(Stevanovic & Stevanovic, 2013), emergency response planning (H. Chen et al., 2017), and 

deployment of Connected, Cooperative, and Automated Mobility (CCAM) technologies (van 

Arem et al., 2006a; Fagnant & Kockelman, 2015b). To evaluate these strategies, resilience 

metrics are required. These include efficiency (inverse average path length), giant component 

size (extent of connectivity), and travel time variance under stress. Other indicators include 

recovery time, accessibility loss, and the resilience triangle, which integrates performance 

degradation and recovery across time. Recent advances also include composite indices like mD-

Resilience, which incorporates spatial, temporal, and equity factors (Ganin et al., 2017; 

Khaghani & Jazizadeh, 2020). 

 Additionally, data-driven simulation (a combination of data driven and simulation 

methods) is becoming increasingly important. Techniques such as machine learning and data 

assimilation can be used to calibrate and validate simulation models and also predict traffic 

conditions during disruptions. (Herrera et al., 2010) demonstrate how GPS data can be used to 

characterize traffic flow, and this data can then be used to train machine learning models to 

improve simulation accuracy. Furthermore, social media data can be used to provide real-time 

information on disruptions (Chaniotakis et al., 2022). (W. Liu et al., 2025) makes use of a 

theoretical model supported by Python-based simulations and multifaceted data (traffic flows, 

network topologies, infrastructure attributes). Said research evaluates resilience across 

interconnected urban transport and utility networks. The adaptive analysis captures complex 

interdependencies, enabling quantification of cascading failures and recovery in smart city 

environments. (Z. Li et al., 2024) adopts temporal network analysis and simulation-based traffic 

modeling to measure urban mobility resilience under various scenarios. The methodology 

leverages big data (observed network data and travel demand) to simulate flows, capture critical 

bottlenecks, and derive response indices. Findings reveal which areas of the network are most 

vulnerable, supporting smarter investment and maintenance strategies for city infrastructure. 

Finally, Digital Twins, which are digital replicas of real-world transportation networks, offer a 

powerful tool for resilience analysis. These frameworks integrate real-time data from sensors, 
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connected vehicles, GPS, and control centers to simulate and adapt system responses on the fly 

(Feng et al., 2023). Within resilience planning, digital twins are invaluable tools for evaluating 

disruption scenarios, managing adaptive responses, and optimizing recovery efforts. 

2.3 Data Sources for Resilience Analysis and Quantification 

Reliable and diverse data sources are foundational to urban road network resilience research. 

Data-driven resilience analyses significantly enhance understanding of network performance, 

environmental stressors, and predictive modeling for disruptions. The rapid advancement of 

artificial intelligence (AI), Internet of Things (IoT) sensors, and remote sensing technologies 

has substantially improved the precision and effectiveness of resilience studies (Stamos et al., 

2015; Donovan & Work, 2017; Zhu et al., 2017; Hammoumi et al., 2025). Essential data for 

resilience analyses generally falls into three categories: 

¶ Traffic flow and congestion data 

¶ Infrastructure and environmental hazard data 

¶ Socioeconomic and behavioral data 

Table 6 outlines key data sources for traffic operations, infrastructure and environmental hazard 

data, and socioeconomic and behavioral data, highlighting specific methodologies and their 

practical applications in resilience assessments. Each source provides unique insights into 

network performance, critical for timely and accurate resilience modeling and planning. It is 

worth noting that integrating machine learning techniques with these data enhances real-time 

predictive accuracy, supporting dynamic resilience assessments and proactive traffic 

management. Advanced sensor technologies, such as loop detectors, video cameras, and 

LiDAR, provide high-quality, detailed traffic data critical for resilience modeling (Hong et al., 

2025). However, limitations such as data quality variations, maintenance costs, and limited 

coverage necessitate complementary approaches, including crowdsourced data integration. 

Accurate infrastructure and environmental hazard data provide insights into vulnerability and 

potential disruption severity. Key data sources include asset condition surveys, remote sensing 

imagery, and climate hazard assessments (Ouyang et al., 2012; Rasheed et al., 2020). Error! R

eference source not found. summarizes infrastructure and environmental data sources, 

describing their specific characteristics and highlighting their utility in identifying 

vulnerabilities and informing resilience planning and emergency preparedness strategies. While 

increasingly available, these data may still face challenges related to availability, resolution, 

interpretation complexity, and data handling capacity (Rasheed et al., 2020). 

Socioeconomic and behavioral data are critical for understanding travel demand shifts, risk 

perception, and public responses to disruptions. Data collected through surveys, mobile 

analytics, and social media platforms contribute to comprehensive resilience modeling (Xu & 

Kato, 2025). Error! Reference source not found. highlights each source's strengths in c

apturing diverse aspects of human responses and behavior, essential for accurate and realistic 

modeling of resilience and crisis management strategies. Integrating socioeconomic data 

ensures resilience models accurately reflect human behavior, enhancing their real-world 

relevance and effectiveness. Nonetheless, inherent biases, privacy concerns, and 

inconsistencies pose significant challenges to data collection, necessitating robust privacy-

preserving methods and representative sampling strategies (Wei et al., 2022). 
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Table 6. Requirements for data availability for resilience research. 

Data source Description Applications 

Traffic Operations   

Roadside sensors Fixed-location monitoring of 

traffic flows 

Congestion measurement, network 

performance 

GPS, trajectories, and 

telematics 

Vehicle movement and 

positioning data 

Real-time traffic assessment, route 

optimization 

Crowdsourced 

platforms 

User-generated traffic 

incident reports 

Immediate detection of disruptions, 

incident management 

Infrastructure and Environment 

Asset surveys Physical inspections of 

transport assets 

Infrastructure resilience, 

maintenance planning 

Remote sensing 

imagery 

Satellite and aerial imagery Disaster impact assessments, 

vulnerability mapping 

Climate hazard models Projections of weather-related 

risks 

Climate adaptation strategies, 

emergency preparedness 

Society, Economy and Behavior  

Travel surveys Detailed travel patterns and 

mode choices 

Modal shift analysis, evacuation 

modeling 

Mobile phone 

analytics 

Movement patterns and 

network usage behaviors 

Real-time demand modeling, 

behavioral trends 

Social media analysis Public sentiment and rapid 

incident reporting 

Crisis response optimization, 

communication strategies 

2.4 Open questions 

2.4.1 Resilience as an integral part of Traffic Management 

Traffic Management is considered important for the operation of transport networks, mostly in 

urban settings. Traffic Management, and the associated Strategies, allow for optimizing traffic 

flows or achieving more complex objectives like the cooperation between different areas of the 

network for optimizing the performance of the system. The current Traffic Management 

Strategies consist of four (4) main objectives: i. to reduce inflow in a certain area, ii. to increase 

outflow for a certain area, iii. to inform drivers about a situation, and iv. to reroute the flow. The 

choice of the necessary actions in each case is driven through the quantification of Key 

Performance Indicators (KPIs).  

However, to what extent current Traffic Management Strategies integrate the concept of 

resilience in both their design and implementation? For this research question to be answered, 

the following need to be taken into consideration. At first, the quantification of resilience needs 

to be further clarified. At its current state, resilience consists of various metrics/ layers which 
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reflect resilience under one specific perspective. However, there is the need for a generic and 

unified resilience metric. This metric should reflect the resilience of a network by incorporating 

in its definition and quantification a variety of the already-existed resilience related layers/ 

metrics. The latter may pose a significant modelling limitation, due to fact that the already 

existing resilience related layers/ metrics may examine different aspects of resilience which 

may not be directly correlated. In (Serdar et al., 2021, 2022), a Multi Criteria Analysis 

methodology for ranking of all resilience related layers/ metrics is proposed, with the aim to 

propose a resilience metric for assessing the overall resilience of a network through 

incorporating the resilience assessment frameworks of the critical infrastructures of the 

network. This process would allow for comparability of various resilience assessment methods 

by identifying conversion coefficients. 

Another aspect that can be deemed as important is that of multimodality. Multimodality is a 

key aspect of future transportation scenarios, not only in its current form but in a broader 

concept which will include various new concepts such as Mobility as a Service and demand-

responsive transport. Multimodality is included in the literature of resilience. As an example, 

(D’Lima & Medda, 2015; Jin et al., 2014; Martins et al., 2019) analyze resilience considering 

active modes and mode transfer. However, from a modelling perspective, the inclusion of 

multimodality in the concept of resilience increases the complexity of its quantification and 

thus its incorporation in Traffic Management Strategies. In order for multimodality to be 

sufficiently integrated in the concept of resilience, network complexity theory and multiplex 

technologies should be recruited. Current resilience-related layers/ metrics, mostly those 

associated with the topological features of the network, need to be revised. The revision is not 

necessarily in the change of the mathematical features that governs the topological metrics, but 

in the existing approach towards their examination.  

Lastly, the concept of resilience that needs to be integrated in Traffic Management Strategies 

shall have a holistic approach. For that holistic approach to be achieved, the concept of 

resilience needs to be disengaged from EWEs. Most of the literature investigates resilience 

under the point-of-view of an extreme event; what if the event is not associated to a weather 

event but to a disturbance in general? The significance of such a differentiation in the approach 

of resilience is twofold. At first, the extent of the resilience-related layers/ metrics will not be 

geographically fenced in a certain area of interest (e.g., the area that an EWE took place), but 

they will be broader and thus able to examine larger areas. Then, if the concept of resilience 

departs from its conventional definitions and applications, the associated metrics and concepts 

will be future proofed in the sense that literature demonstrates the need for resilience in the era 

of smart cities. In the smart city context, resilience is vital, since intelligent systems are 

vulnerable to possible threats, such as jamming attacks, flooding attacks, and malware attacks 

(Hamida et al., 2015) and, thus, such disturbances need to be integrated in the concept of 

resilience. It is important to note that the aforementioned do not appear to have an impact in the 

already-existing methods for quantifying resilience; the changes that need to be made can be 

characterized as conceptual. 

2.4.2 Case-oriented vs case-agnostic resilience 

The majority of previous research concerning resilience is characterized by having a case-

oriented approach. Resilience of a transportation network used to be examined under a specific 

disturbance by using data representative of the state of the networks under the disturbance of 

interest. This, however, does not conform with the opinion that resilience needs to be generic 
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and representative of the network and its structural components. For that reason, the concept of 

case-agnostic resilience should be introduced. At this point, a crucial question can be set: what 

is the difference of resilience under one scenario versus the general resilience of a transportation 

network?  Resilience should be representative of the dynamics in the network like congestion, 

saturation of flow, and travel times. The traffic dynamics alter in the network based on the 

circumstances (e.g., peak hour or not, extreme event or not) and may differentiate among 

subareas of a network. Therefore, case-oriented resilience is representative of the state of the 

network under the impacts of a certain disturbance, while, on the other hand, case-agnostic 

resilience is representative of the state of the network under its occasional operation. But, what 

is most fitted type of resilience? Interestingly, both types of resilience are of importance. 

What needs to be further clarified is the context under which resilience needs to be examined. 

From a Disaster Management and Emergency Logistics perspective, case-oriented resilience is 

important because specific disruptive events and their impacts are the primary concern. 

Explainability is critical here as well, enabling stakeholders to interpret the reasoning behind 

chosen response strategies, resource allocation, and lessons learned in the aftermath of 

disturbances. From a Traffic Management perspective, emphasis is placed on case-agnostic 

resilience, as ongoing changes in traffic dynamics are of interest. In this context, the operational 

performance of the network, its degradation over time due to any disturbance, and the 

implementation of appropriate Traffic Management Strategies to maintain functional levels are 

key objectives. Across both paradigms, the capacity to explain, justify, and communicate 

decisions enhances trust, supports transparent management, and ensures actionable insight for 

both acute events and routine operations. Thus, explainability forms a cornerstone of both case-

oriented and case-agnostic resilience, integral to translating technical findings into effective 

action and policy. 

Furthermore, in the context of investigating resilience, it is crucial to select the appropriate 

metrics that align with the specific research objectives and findings. For case-oriented resilience 

and given the fact that it is needed in the Disaster Management and Emergency Logistics topics, 

metrics such as resourcefulness, rapidity, preparedness, and recoverability can be deemed as 

important. On the other hand, metrics able to capture the dynamics of the network should be 

selected like criticality, efficiency, and vulnerability. 

Concerning the Traffic Management perspective, the belief that the complexity of 

transportation applications, as well as the variability in conditions that may affect the resilience 

of transport system poses additional challenges to the quest of a universal resilience metric that 

cannot be tackled by linear or rank based approaches (such as the approach introduced in 

(Serdar et al., 2021, 2022)). A universal transport resilience metric should be disengaged from 

the type of application by allowing for complementary aspects of resilience to be taken into 

consideration. Methodologically, for such a universal metric to be introduced, a data-driven 

unsupervised framework should be considered. Said framework will depart from the classical 

definitions of resilience and will incorporate the investigation of various resilience-related 

metrics, in the strategic and the operational level, and by considering the technological 

advancements in the field of transportation. 

2.4.3 Data, Methodologies and Methods to Support Network level Resilience Analysis 

Despite significant advancements in integrating diverse data sources, challenges persist, 

particularly data scarcity in developing regions and urban contexts often overlooked in 
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research. Limited availability and quality of high-resolution traffic and infrastructure data 

impede accurate modeling and robust resilience assessments (El-Bouayady et al., 2024; 

Ogunkan & Ogunkan, 2025). Emerging solutions, such as blockchain-based data sharing 

platforms and advanced IoT deployments, offer promising avenues to overcome these 

challenges, promoting transparency, security, and accessibility of the aforementioned data 

(Abbas et al., 2021; Haque et al., 2024). International collaboration and public-private 

partnerships further enhance the breadth and depth of available data, creating extensive 

opportunities for resilience research advancements. 

A general outcome of the literature review is that simulation remains the most important tool 

for quantifying and assessing resilience in large scale transport applications. However, the 

accuracy and reliability of simulation models depend heavily on the availability of high-quality 

data. Data from loop detectors, GPS devices, video feeds, and even social media can be used to 

calibrate and validate models. (Herrera et al., 2010) demonstrated how GPS probe data can 

accurately reconstruct real-time traffic conditions, while (Osorio & Bierlaire, 2009) applied 

simulation-based optimization using such real-world data to tune control strategies effectively. 

Hybrid modeling forms, jointly considering big data analytics, machine learning and 

simulation, may transform simulation tools into decision-support systems that inform both 

long-term infrastructure investment and short-term emergency management. 

Despite the extensive adoption of simulation methods in resilience studies, several key 

challenges hinder their effectiveness and generalizability. First, model complexity and 

computational cost remain significant barriers, particularly when simulating large-scale urban 

networks with microscopic or agent-based models. These high-resolution models demand 

substantial computational power and time, making real-time scenario testing or multi-scenario 

comparisons difficult to scale (Bochenina et al., 2025; Manley et al., 2014). 

Another major challenge is the calibration and validation of simulation models. Accurate input 

data-such as traffic volumes, signal timings, driver behavior parameters, and disruption 

characteristics-are often incomplete or unavailable, especially in developing urban areas. The 

fidelity of simulation outcomes depends heavily on this data, and any discrepancy can 

propagate errors in resilience estimation (Herrera et al., 2010; Papageorgiou, 1990b). 

Simulation models also face difficulties in representing human behavioral responses during 

crises, such as panic-induced route choices or adaptive learning over time. Traditional traffic 

models often rely on equilibrium assumptions that do not hold under disruptive, highly dynamic 

conditions. Incorporating realistic behavioral heterogeneity remains an open research challenge 

(Calvert & Van Arem, 2020; Aldahlawi et al., 2024). 

From a methodological standpoint, the lack of standardized resilience metrics within simulation 

environments complicates comparative evaluation. While concepts like travel time reliability, 

connectivity loss, and the resilience triangle are commonly used, their implementation varies 

widely across studies, hindering reproducibility and benchmarking (Ganin et al., 2017). 

Looking ahead, several research directions merit attention: 

¶ Hybrid simulation architectures that combine agent-based, mesoscopic, and 

macroscopic components could offer scalable and behaviorally realistic frameworks 

for resilience testing. 

¶ Dynamic integration with real-time data feeds can transform simulations into 

responsive, adaptive tools, especially within Digital Twin systems. 
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¶ AI-assisted model tuning, using reinforcement learning or genetic algorithms, could 

automate calibration and enhance predictive capability across disruption types. 

¶ Cross-domain interoperability with infrastructure, energy, and communication systems 

can provide a holistic view of urban resilience. 

In summary, while simulation remains a cornerstone of resilience analysis in transportation 

networks, evolving these tools toward higher realism, flexibility, and interoperability is 

essential for addressing the increasing complexity and uncertainty of urban systems. 
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3 RESILIENCE QUANTIFICATION AND ANALYSIS OF 
CITY-WIDE ROAD NETWORKS 

3.1 Introduction 

Given the complexity of modern urban environments and their vulnerability to diverse 

disruptions, the study of transport system resilience demands integrated, data-informed 

methodologies capable of addressing both structural and dynamic dimensions. In this 

dissertation, resilience is approached through the development of a comprehensive framework-

the Resilience Evaluation and Analysis of City-wide Transport systems (REACT) framework-

which integrates various modeling scales, simulation environments, and data-driven 

techniques. This framework is not limited to conventional assessments of network vulnerability 

but aims to establish a scalable and adaptable methodology capable of identifying, simulating, 

and quantifying the impacts of localized or systemic disruptions on urban road networks. 

Chapter 4 introduces the key methodological components that form the foundation of REACT. 

It elaborates on the rationale for combining simulation-based experimentation with network-

theoretic and macroscopic analytical tools, and with unsupervised and supervised machine 

learning frameworks towards interpreting, analyzing, and generalizing resilience outcomes. 

The chapter also details how different scales of simulation-microscopic and macroscopic-are 

coordinated within the workflow, depending on the complexity and scope of the analysis. 

The overall aim is to establish a unified methodology that not only assesses the resilience of 

transport networks under stress, but also supports decision-making by identifying the most 

effective intervention strategies. Through this chapter, the methodological underpinnings of 

REACT are explained, providing the basis for the experimental design, simulation protocols, 

and analytical tools presented in the subsequent chapters. 

3.1.1 Definitions 

In the framework of the present dissertation, the following definitions are embraced and used: 

¶ Node: In the present dissertation, as well as in traffic flow in general (Sheffi, 1985), 

the nodes represent the points where links/ roads intersect. 

¶ Link: as per the Graph Theory, the connection between two nodes 

¶ Path: the set of links of the urban road that create a path from one origin to one 

destination, as defined in the corresponding Origin-Destination matrix. 

¶ Corridor: the set of links of the urban road network that create a path from one point 

in the network to another. 

¶ Resilience: the ability of the system to maintain its performance to acceptable levels, 

no matter the disruptive events. 

¶ Performance drop: the total area formed in the cumulative served vehicles versus time 

diagram, when comparing the baseline scenario and other simulated experiments with 

a disturbance in the operation of the network. 
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¶ Area of traffic management strategy: the set of corridors to be closed that form the 

area of interest of the present research. 

3.2 Conceptual underpinnings  

Transport networks can be represented as graphs (Sheffi, 1985). However, there are various 

behavioral characteristics which permeate how the users make use of the existing infrastructure, 

affecting therefore their operation. Based on that, we can conclude that graph theory is of 

importance since it provides the ability to examine urban road networks in both their topological 

(connectivity among nodes) and demand-related (weights in the edges) aspects. 

3.2.1 Graph theory 

3.2.1.1 Introduction 

As mentioned above, it is stated in the research of Sheffi (Sheffi, 1985) that transport networks 

(urban transport networks in said research, but we can generalize that to all transport networks) 

can be represented as graphs. Graph theory provides a comprehensive analytical framework for 

modeling transport networks, as well as for evaluating any disturbance that may lead to link or 

node failure (Aydin et al., 2018; Mattsson & Jenelius, 2015). Within this formalism, 

transportation networks are represented as graphs: 

Ὃ ὠȟὉ (2) 

 

, where the set of vertices ὠ denotes infrastructural entities such as intersections or stations, and 

the set of edges Ὁ ṡὠ ὠ models physical or logical connections, such as roads, rail tracks, 

or multimodal transfer corridors. Each edge can be weighted to reflect attributes like travel 

time, capacity, reliability, or cost, thus enabling multi-objective optimization and comparative 

scenario analysis (Cardillo et al., 2006; Chung, 1997; Derrible & Kennedy, 2010). 

Recent literature has underscored the capacity of graph-theoretic models to capture both the 

structural and functional dimensions of transport networks. Structural resilience, which relates 

to topological features such as connectivity and redundancy, is quantified using metrics like 

algebraic connectivity, k-connectivity, and spectral radius (Cencetti et al., 2021; D’Agostino & 

Scala, 2014; Sole et al., 2008). Functional resilience, by contrast, evaluates the preservation of 

system throughput, delay minimization, and recovery time, and is typically analyzed using 

flow-based models, maximum flow/minimum cut formulations, and stochastic simulations 

under failure scenarios (Ahuja et al., 1993; Ganin et al., 2017; Gao et al., 2022). 

Moreover, the temporal dynamics of real-world systems-such as peak-hour congestion or 

phased disruptions due to flooding-necessitate dynamic and time-aware graph representations. 

These are captured through time-dependent graphs and snapshot sequences, which support 

analyses of time-respecting paths and temporal reachability. In recent years, advanced models 

such as multilayer networks and graph neural networks have also been employed to represent 

multimodal interactions and infer resilience from high-dimensional temporal data (C. Li et al., 

2020; Rakhmangulov et al., 2025; Serdar & Al-Ghamdi, 2023; Tachaudomdach et al., 2021; S. 

Wang et al., 2021; Yuan et al., 2022; Zang, Ding, et al., 2024; Zang, Wei, et al., 2024). 
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3.2.1.2 Typical Graph Structures 

In general graph theory, the structure of a network is defined by its set of nodes (vertices) and 

links (edges), which together form the topological skeleton of a system. The nature of nodes 

and edges is abstracted, allowing graph theory to be applied across a wide range of domains-

including biology, computer science, social systems, and physics-with minimal structural 

assumptions. However, various canonical graph structures have been extensively studied for 

their mathematical properties and relevance in modeling real-world systems. The main graph 

structures, mainly according to Diestel (Diestel, 2017), are the following: 

¶ Complete graphs ὑ  are graphs in which every pair of distinct vertices is connected by 

an edge. These structures exhibit maximal edge density and minimal path length (Ὠ

ρ) and are often used as benchmarks in robustness analysis and spectral studies due to 

their idealized redundancy. 

¶ Star graphs consist of a central hub node connected to all others, which are otherwise 

disconnected. These structures exhibit high centralization and are used to model single-

point control systems but are highly vulnerable to central node failure. 

¶ Cycle or ring graphs connect each vertex to exactly two others in a closed loop. These 

have uniform degree and symmetric topology and appear in scheduling and distributed 

token ring networks. 

¶ Grid or lattice graphs, often used in spatial modeling, feature nodes arranged in a two-

dimensional or higher-dimensional grid. They appear in finite-difference methods, 

urban traffic modeling, and spatial epidemiology, offering high regularity and 

predictable distance metrics. 

¶ Tree structures are acyclic connected graphs with unique paths between node pairs. 

They are critical in hierarchical modeling (e.g., file systems, inheritance hierarchies), 

and while they offer minimal redundancy, they are fragile to disconnection. 

¶ Scale-free graphs are characterized by power-law degree distributions, where a small 

number of nodes (hubs) have disproportionately high connectivity. These emerge 

through preferential attachment mechanisms and are common in internet topology, 

protein networks, and citation graphs. 

¶ Small-world graphs exhibit both high clustering and short average path lengths, 

balancing local and global efficiency. The Watts-Strogatz model (Watts & Strogatz, 

1998) formalized these properties, which are now used to model brain networks, social 

networks, and logistics systems. 

¶ Bipartite graphs partition nodes into two disjoint sets with edges only running between 

sets. These are fundamental to matching problems, recommendation systems, and 

affiliation networks. 

¶ Multilayer and multiplex graphs extend the bipartite concept further, representing 

entities and their interactions across multiple domains or layers (e.g., multimodal 

transport, social and economic networks) (Kivela et al., 2014). 

Beyond these classic structures, graph theory includes a wide range of extended and higher-

order models: 

¶ Line graphs map edges of a base graph to vertices, such that edges in the line graph 

represent adjacency between original edges. These are applied in traffic routing and 

circuit design (Beineke, 1970). 
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¶ Hypergraphs generalize traditional graphs by allowing edges to connect more than two 

nodes. They are used in modeling team collaboration, co-authorship, and multi-way 

biochemical reactions (Bretto, 2013). 

¶ Directed acyclic graphs (DAGs) are used in applications with hierarchical or causal 

structure, such as Bayesian networks, project scheduling, and version control systems 

(Neuberg, 2003). 

¶ Random graphs, especially the Erdős-Rényi model Ὃὲȟὴ, are constructed by 

assigning edges between node pairs with fixed probability ὴ. These are used to study 

connectivity thresholds, robustness, and null models for comparison (Erdős & Rényi, 

1959). 

¶ Geometric or spatial graphs use Euclidean coordinates for nodes, with edges based on 

spatial proximity. They are relevant in wireless networks, epidemiology, and mobile 

agent systems (Penrose, 2003). 

¶ Planar graphs can be embedded in the plane without edge crossings and are 

characterized by Euler's formula and graph coloring theorems. These are useful in map 

design, circuit layouts, and spatial optimization (Diestel, 2017). 

¶ Cayley graphs, derived from group theory, represent algebraic structures using group 

generators. Their symmetry makes them useful in designing robust and scalable 

communication networks (Godsil & Royle, 2001). 

¶ Expander graphs are sparse graphs with high connectivity, where any small subset of 

nodes has many connections to the rest of the graph. They are fundamental in 

constructing robust networks and in theoretical computer science (Hoory et al., 2006). 

¶ Tournament graphs are complete directed graphs where each pair of vertices is 

connected by exactly one directed edge. They model dominance hierarchies, 

competitive ranking, and voting systems (Moon, 1968). 

¶ Threshold graphs are built recursively by adding isolated or universal nodes. Their 

simple structure and ordered degree sequences make them applicable in social 

stratification, economics, and machine learning (Chvátal & Hammer, 1977). 

Altogether, these graph types constitute a taxonomy of mathematical structures that are not only 

rich in theoretical interest but also critical in practical modeling of systems that are spatial, 

dynamic, hierarchical, stochastic, or interdependent. Each of these topologies provides different 

implications for network performance, controllability, and resilience. By analyzing their 

combinatorial and spectral properties-such as degree distribution, eigenvalue spread, and 

centrality skew-researchers gain insights into network dynamics, stability, and vulnerability 

patterns (Boccaletti et al., 2006; Kasthurirathna et al., 2013). 

Figure 5 below illustrates these structures side-by-side for comparative understanding. 
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Figure 5: Typical Graph Structures. 

In the case of transportation systems, both nodes and links possess diverse structural and 

functional interpretations depending on the network layer and scale. In urban road networks, 

nodes generally represent road intersections, traffic signal junctions, or roundabouts, while 

links correspond to road segments or street corridors with associated weights such as travel 

time, distance, or capacity. In transit networks, nodes may stand for bus stops, train stations, or 

modal interchange hubs, and links denote vehicle routes or scheduled services (Cats & Jenelius, 

2015; Derrible & Kennedy, 2010). 
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Transportation graphs often adopt characteristic topologies that influence their resilience and 

operational performance: 

¶ Grid-like structures, typical of planned urban layouts (e.g., Manhattan), exhibit high 

redundancy and short average path lengths. They have relatively uniform degree 

distributions and low clustering coefficients. These networks are robust to random 

failures but vulnerable to central congestion (Cardillo et al., 2006; Sole et al., 2008). 

¶ Radial or star topologies appear in metro systems or airport feeder routes where 

peripheral nodes (e.g., terminals or suburban stations) connect inward to a central core. 

These networks are highly efficient under normal conditions but sensitive to core node 

disruptions (Derrible & Kennedy, 2010). 

¶ Ring-and-hub structures, often seen in regional rail and long-distance bus systems, 

combine radial access with circular redundancy. This design supports detouring and 

localized robustness but may exhibit long detour paths in the event of link failure 

(Badia, 2020). 

¶ Hierarchical or tree-based configurations are found in low-density suburban road 

layouts or expressway exit systems. These are efficient in space but structurally fragile, 

with few redundant paths, leading to network partitioning when critical branches fail 

(Jenelius et al., 2006). 

¶ Multilayer or multiplex networks incorporate multiple modes (e.g., metro, tram, bus), 

with intra-layer links representing within-mode connections and inter-layer links 

denoting transfer possibilities. These models capture real-world interdependencies and 

allow the analysis of cross-modal resilience, redundancy, and flow transferability 

(Cencetti et al., 2021; Kivela et al., 2014). 

In weighted networks, link attributes are often modeled as edge weights (Barrat et al., 2004; 

Ganin et al., 2017; Newman, 2004; Taylor et al., 2006): 

¶ Travel time from empirical traffic models or timetables. 

¶ Capacity or free-flow speed for highway and arterial links. 

¶ Probability of failure or reliability score, especially in stochastic or resilience analysis 

contexts. 

Meanwhile, nodes may also carry attributes such as processing delay, boarding time, or transfer 

penalty, depending on the application (Nuzzolo et al., 2001). Centrality, accessibility, and 

criticality are then derived not merely from topology but from these operational features, 

supporting both structural and dynamic resilience modeling. 

3.2.1.3 Mathematical Foundations of Graph Theory in Transport Networks 

Departing from the, rather simplistic, definition of a graph provided above, the mathematical 

abstraction of a transportation network begins with a graph: 

Ὃ ὠȟὉȟύ  (3) 

 

, where the set of vertices ὠ denotes infrastructural entities such as intersections or stations, and 

the set of edges Ὁ ṡὠ ὠ models physical or logical connections (e.g., road segments), and 

ύḊ ɞO ᴙ  is a weight function capturing properties such as travel time, cost, flow capacity, 

or reliability (Chung, 1997; Derrible & Kennedy, 2010; Gao et al., 2023). 



Resilience Quantification and Analysis of City-wide Road Networks 

35 

In weighted directed graphs-which represent the majority of real-world transportation systems-

each edge όȟὺᶰɞ has an associated direction and scalar weight ύόȟὺ. The adjacency 

matrix ɚᶰᴙ , where ὲ ȿὠȿ, is defined as: 

ὃ Ὢὼ
ύὭȟὮȟ ὭὪ ὭȟὮᶰὉ

πȟ έὸὬὩὶύὭίὩ
 

(4) 

 

The degree of node Ὥ in directed graphs is split into the in-degree Ὠ Вὃ  and out-degree 

Ὠ Вὃ . The degree matrix Ὀᶰᴙ  is diagonal, with entries Ὀ Ὠ, and is used to 

define the graph Laplacian matrix ὒ Ὀ ὃ, a fundamental operator in spectral analysis 

(Cardillo et al., 2006; Chung, 1997). 

The Laplacian encapsulates global structural properties and plays a central role in assessing 

network connectivity. For connected undirected graphs, ὒ is symmetric and positive semi-

definite, and its eigenvalues π ‗ ‗ Ễ ‗ carry deep topological significance. In 

particular, the algebraic connectivity ‗ reflects how tightly the graph is bound: larger values 

of ‗ imply more robust connections between components and greater resistance to 

fragmentation under node or edge removal (Cucuzzella et al., 2022; D’Agostino & Scala, 2014; 

Fiedler, 1973). 

Further mathematical descriptors used in transport network topology include the graph diameter 

Ὀ άὥὼȟɴ Ὠόȟὺ, which quantifies the longest geodesic distance in the network and is 

inversely related to overall accessibility (Li et al., 2015), and the average path length Ὠ

В Ὠόȟὺ, which captures mean travel effort and scales with network sprawl 

(Cencetti et al., 2021; Sole et al., 2008). 

The clustering coefficient ὅ of node Ὥ measures the density of closed triplets around it, defined 

for unweighted graphs as: 

ὅ
ςὩ

ὯὯ ρ
 

(5) 

 

, where Ὡ is the number of links between the neighbors of Ὥ, and Ὧ is the degree of Ὥ. High 

clustering indicates local redundancy, which contributes to re-routing capabilities in localized 

failures (Derrible & Kennedy, 2010; Newman, 2002). 

To account for layered and multimodal systems, graphs can be extended to multilayer graphs 

as: 

Ὃ  (6) 

 

, where Ὃ ὠȟὉ  corresponds to a transport layer (e.g., metro, bus, tram). Interlayer links 

connect nodes in different layers to represent transfer opportunities. Matrices such as the supra-

adjacency ὃ and multilayer Laplacian ὒ are constructed by combining intralayer and interlayer 

connections (Battiston et al., 2014; Cencetti et al., 2021). 

These foundational matrices and topological descriptors establish the computational 

scaffolding for advanced analysis of resilience-related metrics such as centrality, flow 
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degradation, temporal reachability, and failure propagation, which we explore in subsequent 

sections. 

3.2.1.4 Centrality-based Vulnerability Assessment 

Centrality metrics are foundational tools in graph theory used to quantify the importance, 

vulnerability, or control capacity of nodes and edges within a network. In the context of 

transportation systems, these measures help identify critical junctions, corridors, and transfer 

points whose failure would disproportionately disrupt network connectivity and functionality 

(Akbarzadeh et al., 2019, 2021; Freeman, 1978; Jenelius & Mattsson, 2021). Centrality metrics 

are not only topological indicators but also proxies for dynamic processes such as traffic 

concentration, routing flexibility, and disruption propagation (Ganin et al., 2017; Gao et al., 

2023). 

Starting from degree centrality, and despite being rather simplistic, it is a fundamental metric 

in graph theory used to quantify the importance of a node based on its immediate connectivity 

within a network. Formally, the degree centrality of a node ὺ in an undirected graph is defined 

as the number of edges incident to it, expressed as ὅ ὺ ὨὩὫὺ. In directed graphs, it is 

further disaggregated into in-degree and out-degree (as already described above), capturing 

respectively the number of incoming and outgoing edges, thus enabling a distinction between 

the roles of receiving and transmitting influence or flow (Freeman, 1978). Degree centrality 

serves as a proxy for a node’s activity level or local influence, with higher values indicating 

more direct interactions or potential access to resources and information. 

In transportation networks, degree centrality can provide insights into the structural role of 

junctions, stations, or transfer hubs. A high-degree node in a road or transit network may 

correspond to a critical interchange or intersection that directly connects to many others, and 

thus its removal or disruption could significantly affect local accessibility and flow continuity 

(Cats & Jenelius, 2018; Derrible & Kennedy, 2010) However, its local nature may overlook 

broader network dynamics, making it most effective when used in conjunction with other 

centrality measures such as betweenness or closeness, especially in applications concerned with 

network vulnerability, efficiency, and resilience. 

Additionally, one of the most widely used measures in transport resilience is betweenness 

centrality, which quantifies the extent to which a node lies on the shortest paths between other 

nodes. For a node ὺɴ ὠ, it is defined as: 

ὅ ὺ  В
ȟ

ȟ
, (7) 

 

 where „Ȣὺ is the number of shortest paths between nodes Ὥ and Ὦ which include node ὺ, and 

„ȟ is the total number of shortest paths between nodes Ὥ and Ὦ. Nodes with high ὅ ὺ are 

considered bottlenecks or potential single points of failure, especially in tree-like or sparsely 

connected urban road networks (Cats & Jenelius, 2015; Gao et al., 2023; Newman, 2004). 

Empirical studies applying betweenness centrality in rail and bus networks have demonstrated 

that disruptions at high-centrality nodes cause exponentially larger passenger delays and 

network fragmentation compared to low-centrality nodes (Derrible & Kennedy, 2010; Jenelius 

& Mattsson, 2012). 
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As an enhancement of the conventional betweenness centrality, edge betweenness centrality 

has been introduced (Jenelius & Mattsson, 2021). Edge betweenness centrality can be defined 

as the number of shortest paths which use a certain edge („ȟὩ) of the graph divided by the 

total number of shortest paths in the graph („ȟ): 

ὅ Ὡ  
„ȟὩ

„ȟ
 

(8) 

 

Despite the importance of edge betweenness centrality, it still does not manage to fully reflect 

the network-level centrality. Another fact for edge betweenness centrality is that the shortest 

paths calculated in graph G do not reflect a real-life scenario, mainly due to the topological 

nature of this metric; this could be overcome by adjusting G through weights in its edges but 

then the solution of the graph would not be based on the shortest paths rather than in a solution 

very close to a method of path assignment like Frank-Wolfe. 

Furthermore, closeness centrality captures the reciprocal of the mean shortest path from a node 

to all other nodes in the graph. At first it was introduced by Bavelas (1950) as: 

ὅ ὴ   В ὨὭȟὮ , (9) 

 

where В ὨὭȟὮ is the summation of all shortest paths between node Ὥ ‭ Ὃ and a random node 

Ὦ ‭ Ὃ. When speaking of closeness centrality, researchers usually refer to its normalized form 

which represents the average length of the shortest paths instead of their sum. It is generally 

given by the previous formula multiplied by ὔ ρ, where ὔ is the number of nodes in the 

graph resulting in: 

ὅ ὴ   
ὔ ρ

В ὨὭȟὮ
 

(10) 

 

The normalization of closeness simplifies the comparison of nodes in graphs of different sizes. 

For large graphs, the minus one in the normalization becomes inconsequential and it is often 

dropped. 

Closeness is a global metric that reflects accessibility; nodes with high closeness centrality are 

well positioned to efficiently reach all other locations and are therefore ideal locations for 

logistics depots, evacuation centers, or emergency services (Aydin et al., 2018; Freeman, 1978). 

However, in disconnected graphs or those with temporal constraints, harmonic centrality or 

reachability-adjusted variants may be preferred (Latora & Marchiori, 2001). 

Departing from the traditional centrality measures (Freeman, 1978), Eigenvector Centrality and 

PageRank Centrality need to be mentioned. 

Eigenvector centrality generalizes the notion of influence by considering not only the number 

but also the importance of a node's neighbors. It is computed as the principal eigenvector of the 

adjacency matrix ὃ. That is, for vector ὼɴ ᴙ , we solve: 

ὃὼ ‗ὼ (11) 
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, where ‗ is the largest eigenvalue and ὼ represents the eigenvector centrality of node Ὥ. This 

measure assigns higher scores to nodes connected to other highly ranked nodes and is 

particularly useful in networks with hierarchical or modular structures, such as airport 

connectivity graphs or metro trunk-line systems (Bonacich, 1972; Mouronte-López, 2021). 

Spectral centrality variants like Katz centrality and subgraph centrality also build on 

eigenvector formulations and are increasingly used in transport infrastructure risk assessments 

(Katz, 1953; Estrada & Rodríguez-Velázquez, 2005). 

Concerning PageRank, it was originally designed for ranking web pages but has been adapted 

to transportation networks to capture the influence of nodes based on random walk probabilities 

(Page & Brin, 1998; Page et al., 1999). It is defined recursively as: 

ὖὙὺ ‌В ρ ‌ᶰ , (12) 

where ‌ᶰ πȟρ is the damping factor (typically set to 0.85), Ὠ  is the out-degree of node ό, 

and ὔ ὺ denotes the set of nodes linking to ὺ. In transport systems, PageRank has been used 

to identify stations that act as dominant attractors or dispersers of flow (Agryzkov et al., 2012; 

M. Wang et al., 2017; Nanni et al., 2020). 

It is worth to mention the research efforts of Brandes (2001) and Latora & Marchiori (2001), 

which led to the introduction of Efficiency. Efficiency is not a centrality measure, but it makes 

use of the same principles as centralities. Efficiency Ὁ of a graph Ὃ is defined as the average 

across all node pairs of the reciprocals of the node pair distances and is given by: 

Ὁ  В
ȟ

ᶰ , (13) 

where Ὠȟ is the shortest path distance between nodes Ὥ and Ὦ of graph Ὃ. Equation 13 associates 

the extraction of an element of graph Ὃ, either a node or an edge (despite the fact that this 

approach is mostly node-oriented), with the performance of the network in terms of its shortest 

paths. It is still a topological metric, but the extraction of an element of Ὃ can lead in variations 

of Ὁ. According to Jenelius and Mattsson (2021), the latter is important because it leads directly 

to the quantification of vulnerability. Let us define Ὁ as the efficiency of the graph/ network 

with all its components and Ὁ as the efficiency of the graph/network when a node of the graph 

is removed. The vulnerability of Ὃ can then be defined as the difference between Ὁ and Ὁ : 

ὠ  Ὁ  Ὁ (14) 

 

3.2.1.5 Flow-based Metrics and Functional Resilience 

While structural metrics assess the topological robustness of transportation networks, a 

complete resilience analysis requires evaluating the system’s ability to sustain operational 

performance under failure or stress. This is captured through flow-based models, which 

simulate the movement of vehicles, passengers, or commodities through the network and 

quantify the extent to which this movement is preserved or degraded under disruption 

(Nagurney & Qiang, 2008; Ganin et al., 2017; Akbarzadeh et al., 2021). 

These models consider edge capacities, routing flexibility, and network-wide throughput to 

identify critical failure scenarios and compute resilience indices based on sustained 
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functionality. The methodologies of interest here are: 1) Maximum Flow and Minimum Cut, 2) 

Edge-Disjoint Paths and Rerouting Redundancy, and 3) Criticality Assessment. 

Starting with the Maximum Flow and Minimum Theorem, let Ὃ ὠȟὉȟὧ, where ὠ is the set 

of nodes and Ὁ is the set of directed edges, be a directed graph with capacity function ὧȡ Ὁ O

 ᴙϕ, which assigns nonnegative capacities to edges. The maximum flow problem seeks the 

maximum amount of flow that can be transmitted from a source node ίɴ ὠ to a sink node ὸɴ

ὠ, subject to the following capacity (Equation 15) and flow conservations (Equation 16) 

constraints: 

π  Ὢόȟὺ  ὧόȟὺȟᶅ όȟὺ ɴ Ὁ (15) 

ÆÖȟÕ
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װÕɴװװȟᶅװ  ÓȟÔ װ͵װ6װ
(16) 

 The optimal flow value Ὢᶻ is denoted as: 

Ὢᶻ άὥὼ Ὢίȟὺ

ȟᶰ

 
(17) 

 

By the Max-Flow Min-Cut Theorem, the value of the maximum flow equals the capacity of the 

minimum cut separating ί and ὸ, i.e., the smallest total capacity of edges whose removal would 

disconnect the sink from the source (Ford & Fulkerson, 1956). For transport networks, this 

formulation models evacuation capacity, detour feasibility, and road network throughput under 

partial infrastructure loss (Ganin et al., 2017; Aydin et al., 2018). 

Another important resilience-related graph-theoretic metric is the number of edge-disjoint paths 

between two nodes ί and ὸ. These paths do not share any edges and hence represent independent 

routing alternatives. Let ὖ ίȟὸ be the number of such paths; a higher value indicates greater 

resilience since multiple failures are required to isolate the origin-destination pair (Menger, 

1927; Ahuja et al., 1993). 

The computation of ὖ ίȟὸ is related to the edge-connectivity ‗ίȟὸ, which equals the 

minimum number of edges whose removal disconnects ί from ὸ. Efficient algorithms for 

computing edge-disjoint paths include Edmonds-Karp and push-relabel methods (Ahuja et al., 

1993). These metrics have been applied in the design of fault-tolerant logistics corridors and 

metro line redundancy planning (Derrible & Kennedy, 2010; Gao et al., 2023). 

Criticality, in network systems, refers to the extent to which the removal or degradation of a 

component (such as a node or edge) impacts the overall system performance. In the context of 

transportation networks, this concept is essential for identifying infrastructure elements-such as 

road segments, intersections, or transit hubs-whose failure would result in significant disruption 

to flows or accessibility. Nagurney and Qiang (2007) introduced a formal criticality index based 

on the concept of network efficiency, defined as the sum of inverse shortest path distances 

weighted by demand across all origin-destination pairs. Their criticality measure evaluates the 

drop in total network efficiency after the removal of a component, offering a quantitative basis 

for prioritizing resilience investments. 
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Mathematically, a User Equilibrium Assignment is calculated for the road network, and the 

Unified Network Performance Measure is quantified as described in the following equation: 

ʀ ʀ'ȟÄ  
В ᶰ

, 
(18) 

where Ὠ  is the demand for the ύ pair of the Origin-Destination matrix, ‗  is the generalized 

cost (mostly the travel time) for the ύ pair of the Origin-Destination matrix, and ὲ  is the total 

number of Origin-Destination pairs. 

Then, each of the road network’s links are sequentially removed from the network and the User 

Equilibrium Assignment and the Unified Network Performance Measure are recalculated for 

the new state. The Network Component Importance which further examines the importance of 

each of the links that have been removed from the network is calculated by: 

ὰὫ   
ȟ ȟ

ȟ
, (19) 

where ‐Ὃ ὫȟὨ is the value of the Unified Network Performance Measure after the removal 

of a link. Criticality is a metric which is associated only with the links of the network, and it is 

considered as a demand-related metric which reflects the impact that the removal of a link has 

in the network in terms of its performance and its capability to serve demand. 

This formulation accounts for both the topological role of the component and the distribution 

of travel demand, providing a more comprehensive assessment than purely structural metrics 

such as betweenness centrality or edge-connectivity. Criticality indices have been extended to 

dynamic and congested conditions (Nagurney & Qiang, 2008), enabling the evaluation of time-

dependent vulnerabilities and cascading failures in urban transport systems. Their integration 

into resilience analysis frameworks supports risk-informed planning and targeted fortification 

of key transport corridors. 

3.3 Methodological Rationale 

Urban road networks are complex, adaptive systems that respond to disruptions in non-linear 

and often unpredictable ways. The study of their resilience requires a methodological approach 

that reflects this complexity-not only in terms of spatial structure and traffic behavior, but also 

in the diverse types of disturbances they may face. This dissertation adopts a systems-oriented 

view of resilience, emphasizing that resilience is not a static property of the network, but rather 

an emergent process that unfolds across time and space. 

From this perspective, resilience is analyzed as a dynamic behavior resulting from the interplay 

between three fundamental components: network structure, traffic flow characteristics, and 

disruption scenarios. The methodology must therefore be capable of integrating both 

topological characteristics and performance data under a wide range of simulated conditions. 

To capture these multifaceted relationships, this dissertation employs a multi-layered 

framework (REACT), that balances analytical rigor with simulation flexibility. The rationale 

behind this framework lies in the integration of: 
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¶ Topological and demand-oriented metrics, which allow for a structural understanding 

of the network’s sensitivity to disruption; 

¶ Microscopic and macroscopic traffic simulations, which model system behavior under 

baseline and disrupted conditions; 

¶ The overall network performance in a concise and comparative form using MFDs; and 

¶ Supervised learning models, which generalize insights from simulated disruptions and 

predict resilience responses across unseen scenarios. 

Such an approach ensures a comprehensive methodology that goes beyond isolated metric 

analysis or single-scenario testing. 

A key component of the rationale is the development of a component-level analysis strategy. 

This strategy is rooted in Sequential Structural Element Elimination, a method that 

systematically removes nodes, links, or corridors from the network to assess their impact on 

system-wide performance. This allows for a refined diagnosis of structural vulnerability and a 

deeper understanding of how redundancy and connectivity influence recovery potential. 

This process is visually summarized in Figure 7, which illustrates the iterative nature of the 

evaluation. The figure highlights the dual focus on both graph-theoretical and flow-based 

metrics, which are used together to model network resilience under targeted structural loss. 

Ultimately, the methodology is guided by two overarching goals: 

1. To assess how different segments or components of the transport network influence 

overall resilience in terms of both disruption impact and recovery capacity; 

2. To translate simulation outputs into actionable insights for intervention, planning, and 

traffic management strategies. 

By grounding the methodological rationale in both theory and data, this chapter builds the 

foundation for assessing the resilience of an urban road network. 

3.4 The REACT Framework 

At the core of this dissertation’s methodological strategy lies the development of the REACT 

framework. The REACT framework presents a structured multi-layered approach, designed to 

evaluate and enhance the resilience of urban road networks. The REACT framework was 

conceived in response to the limitations observed in conventional resilience assessments, many 

of which either overemphasize structural topology or fail to incorporate behavioral adaptation 

and real-world data. The framework proposed here aims to close this gap by uniting simulation-

based modeling, macroscopic performance evaluation, and data-driven analysis within a single, 

cohesive methodology. 

The high-level architecture of the REACT framework is visually summarized in Figure 6. In 

order to meet the challenging goals set, the REACT framework adopts a bi-level approach. The 

REACT Framework is designed in a manner that can effectively and efficiently investigate the 

resilience of any transport network, mainly due to the framework’s generic, no-case specific 

design. The REACT framework can be characterized as a unified and coordinated research 

framework, mainly due to its iterative nature, which allows for optimization in both of its levels. 
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Figure 6: High-level illustration of the REACT framework. 

3.4.1 Strategic level 

The strategic level is responsible for the initial scoping of the resilience analysis. Here, the 

network is modeled as a graph-based and traffic-oriented system. Structural components such 

as links, nodes, and corridors are analyzed based on topological properties (e.g., centrality, 

connectivity) and demand-based characteristics (e.g., flow magnitude, Origin-Destination 

importance). Based on this analysis, critical components are identified, and disruption scenarios 

are designed around their elimination or functional degradation. This component prioritization 

is essential for reducing the simulation space while focusing analytical effort on the elements 

most likely to compromise system performance. Both single-point disruptions (e.g., blocked 

intersections) and corridor-wide failures (e.g., partial road network inaccessibility) are 

considered. 

Focusing more on the implementation of the strategic level, a four-step methodological 

approach is followed in order to understand the importance of each structural component of the 

road network (links, nodes, and paths) in its resilience, based on both its topological features, 

its participation in the distribution of traffic flow in the urban road network, and its functional 

class (Figure 7). 
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Figure 7: Methodological approach for the Strategic level. 

In the first step of the proposed approach, the real road network under investigation is translated 

to both a directed unweighted acyclic graph and a macroscopic transportation network. This is 

done in order to be able to investigate both topological and demand-related resilience-related 

metrics. In the second step, the approach includes the quantification of both topological and 

demand-related resilience related metrics. The specific research focuses on degree centrality, 

closeness centrality, betweenness centrality, efficiency, vulnerability, and criticality. Said 

resilience related metrics are both topological and demand-related metrics, thus, they reflect 

different aspects of resilience. This important step allows for examining the impacts of 

disturbances (e.g., road closure) in the urban road network from the point of the topology and 

from the aspect of the demand distribution in the network in the case of disturbances.  

The third step includes the Sequential Structural Element Elimination. In this step, based on the 

relevant literature, the following components of the urban road network are removed: links, 

paths, and nodes. 

Concerning the removal of links in the framework of the Sequential Structural Element 

Elimination process, all the links of the urban road network are sequentially eliminated. This 

approach has been selected in the present research, instead of removing only selected links from 

the network, for two reasons: 1) the final outcome of the Sequential Link Elimination shall 

permeate each and every part of a network, and not only selected links, and 2) in previous 

research initiatives (as already discussed in Section 2) abstract macroscopic networks have been 
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used thus the level of representation of each link is not necessarily a realistic link but a larger 

part of the network like an Origin-Destination (OD) connection.  

Additionally, as mentioned above, the Sequential Structural Element Elimination process is 

applied in selected nodes and OD paths. For nodes, they have been selected based on their 

topological features. More specifically, they have been selected based on the values of their 

betweenness centrality. In Figure 8 the values of said centrality measures are illustrated in a 

descending order. The nodes selected for further investigation in the framework of the 

Sequential Structural Element Elimination process are the ones with the higher betweenness 

centrality values, therefore those being in the leftmost of the turning point of the diagrams 

illustrated in Figure 8. 

 

Figure 8: Betweenness centrality for all nodes. 

The selection of OD paths for the Sequential Structural Element Elimination process follows 

the same spirit described above. The OD paths are selected based on the percentage of the 

demand associated to the OD pair they correspond to. The number of trips served per OD pair 

are illustrated in Figure 9, in a descending order. The selected OD pairs are the ones that appear 

in the leftmost of the turning point of Figure 9. Those OD pairs serve a demand of more than 

approximately 150 vehicles per hour. Here it is important to mention that more than one OD 

paths may be associated with one OD pair, based on the User Equilibrium. In the Sequential 

Structural Element Elimination process not all paths corresponding to one OD pair are removed 

at ones. This is due to the limitations presented in the research of Nagurney and Qiang (2008), 

where they state that if no connection between an OD pair exists, then the generalized cost is 

infinite and therefore the associated metrics cannot be quantified properly. 
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Figure 9: Hourly demand served per OD pair. 

The fourth step entails the statistical analysis of the results of the Sequential Structural Element 

Elimination process. Concerning the statistical analysis and modelling, the quantified resilience 

metrics stored in the database are, in the final step, statistically analyzed using unsupervised 

and supervised techniques. 

The statistical analysis and modeling at first include the preliminary statistical analysis of the 

resilience related metrics taken into consideration in the present research, as quantified through 

the Sequential Structural Element Elimination process. Next, and to gain a deeper 

understanding of efficiency, vulnerability, and the Network Component Importance index, a 

clustering methodology is implemented. The above metrics are examined both independently 

and jointly with the flow of each link to identify some possible relations among said metrics 

and visualize possible spatial correlations. 

For the clustering to be performed, we proceed by making use of the Hartigan-Wong k-means 

clustering algorithm (Hartigan & Wong, 1979). The specific clustering algorithm is used instead 

of Lloyd’s k-means (Lloyd, 1982) and the MacQueen’s k-means (MacQueen, 1967) clustering 

algorithms, because they are heavily influenced by the choosing of initial centroids, which does 

not appear in the Hartigan-Wong k-means clustering algorithm. Additionally, the Hartigan-

Wong k-means clustering algorithm is one of the most popular clustering methods, especially 

when investigating multivariate data (Reza, 2015) and it is widely used due to its efficiency 

when applied to large datasets. 

Finally, we are making an attempt to define a new metric that incorporates the Network 

Component Importance index and efficiency, and for fitting functions that best describe the 

relationship of said new metric with certain attributes of the urban road network. Therefore, we 

define the Link Importance indicator (ὒὍ) as the ratio of the Network Component Importance 

index and the efficiency index (Chalkiadakis et al., 2022): 

ὒὍ 
ὰὫ

Ὁ
 

(20) 
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ὒὍ may be affected by the topology of the network, due to the fact that criticality is incorporated 

in its definition, as well as by the demand distribution in the urban road network, due to the 

incorporation of the Network Component Importance index in its definition. We further develop 

statistical models to describe the manner which ὒὍ is related to certain attributes of the network. 

ὒὍ appears to be related to both topological and demand-related aspects of the network. ὒὍ is 

related to the functional class of the links of the urban road network, as well as to the flow 

served by each link of the urban road network during its operation under normal operational 

conditions. 

3.4.2 Operational Level 

Once the strategic level analysis is executed, the methodology transitions into the operational 

layer, which revolves around microscopic simulation experimentation. Microscopic 

simulations provide high-resolution insights into vehicle-level dynamics, delays, and rerouting 

behaviors, especially under CCAM environments. Simulation outputs are collected for both 

baseline and disrupted scenarios, and candidate Traffic Management Strategies (TMS) are 

tested to assess their potential in restoring the operational performance of the network. 

Focusing more on the implementation methodology of the operational level, a novel 2-step 

methodological framework is proposed, based on both extensive network level macroscopic 

and microscopic simulations. The results are then statistically analyzed with the purpose of 1) 

examine the possibility to assess the importance of a corridor or an intersection of the network 

by taking into account only the characteristics of the links included in said structural elements, 

2) investigate the possibility of quantifying the impact of eliminating entire corridors of the 

network by considering only the number of links included in the eliminated structural elements, 

as well as their importance, and 3) investigate the traffic and resilience-related factors that may 

affect the performance drop of a road network, defined using MFDs, and identify the optimal 

area of the network around a disturbance for applying a rerouting TMS to mitigate the impacts 

of the disturbance. Figure 10 illustrates the methodological framework followed in the 

operational level aspect present research. 
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Figure 10: Methodological approach for the Operational level. 

The methodological framework has 3 important aspects. At first, it is based on the main 

principles of the simulation-based resilience assessment concepts, in the sense of quantifying 

resilience through exhaustive traffic simulations. However, said traffic simulations refer to a 

high density and high demand real life urban road network used in a microscopic traffic 

simulation environment. In addition to that, the quantification of resilience itself is of 

importance for the operational level and it is based on the results derived from the strategic 

level of the REACT framework. Finally, in the final step of the operational level, the possibility 

of using supervised Machine Learning (ML) techniques to quantify the performance drop that 

occurred in an urban road network due to a disturbance is identified. 

To this end, in order to further analyze the outcome of the Operational level of the present 

Dissertation, explainable Artificial Intelligence (AI) techniques are used. To be more precise, 

the Shapley Additive exPlanations (SHAP) are used. 

In general, due to the increasing complexity of supervised learning models in transportation 

research, particularly ensemble and deep learning methods, has raised significant concerns 

regarding interpretability. Traditional feature importance metrics, such as Gini importance in 

decision trees or permutation importance, often fail to provide consistent and locally faithful 

explanations of model predictions. To address these limitations, SHAP have emerged as a 

theoretically grounded interpretability framework that builds upon cooperative game theory.  

Originally introduced by Shapley (1953), the concept of fairly distributing the gains of 

cooperation among participants has been adapted to machine learning, where the “players” are 

the input features and the “payout” corresponds to the model prediction (Lundberg & Lee, 

2017). 

Formally, consider a predictive model ὪȡὙὴO Ὑ defined over a set of ὴ features ὼ ὼρȟὼς

ȟȣȟὼὴ. The SHAP value for a feature Ὥ is defined as the average marginal contribution of that 

feature across all possible coalitions of the remaining features: 
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• Ὢȟὼ  
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(21) 

 

where ὔ ρȟςȟȣȟὴ denotes the set of all features, ὛṖὔᶺὭ is a coalition excluding 

feature Ὥ, and ὪὛὼὛ represents the model output restricted to subset Ὓ. 

The weighting factor ensures that all possible feature orderings are considered, thus 

guaranteeing fairness in attribution. This formulation is computationally expensive due to the 

combinatorial number of subsets, but it satisfies several desirable axioms: efficiency, which 

ensures that the sum of attributions equals the prediction; symmetry, which guarantees equal 

allocation to equally contributing features; dummy, which assigns zero contribution to features 

that do not affect the outcome; and additivity, which ensures consistency across different 

models. 

In the SHAP framework, the explanation model is additive and decomposes the prediction into 

a baseline expectation plus the sum of feature contributions: 

Ὢὼ ‰  В ‰, (22) 

 

where ‰ Ὢὼ  is the expected prediction across the dataset, serving as the reference 

baseline. The contributions ‰ quantify how each feature shifts the prediction away from this 

baseline. This property of local accuracy is fundamental in transport applications, as it ensures 

that the explanatory values precisely reconstruct the model output for any given observation, 

providing reliability in high-stakes contexts such as traffic forecasting and resilience analysis. 

Despite the theoretical elegance of Shapley values, their exact computation requires evaluating 

ςὴ subsets of features, which is computationally infeasible for high-dimensional data. SHAP 

addresses this challenge through approximation algorithms (Shapley, 1953). KernelSHAP, a 

model-agnostic approach, employs a weighted linear regression framework to approximate 

Shapley values using a manageable number of sampled coalitions (Lundberg & Lee, 2017). 

Alternatively, TreeSHAP exploits the recursive structure of decision tree ensembles to compute 

Shapley values in polynomial time, making it tractable for large-scale models widely used in 

transportation research, such as gradient boosting decision trees (Lundberg et al., 2020). 

The interpretability offered by SHAP manifests both at the local and global level. At the local 

level, SHAP values provide explanations for individual predictions. For example, in traffic flow 

estimation, one can identify how variables such as travel time on adjacent links or density levels 

in neighboring regions contribute to a single model output. Local explanations are commonly 

visualized using waterfall plots, where the prediction is decomposed into the baseline 

expectation and successive contributions of each feature. At the global level, SHAP values are 

aggregated across the dataset to assess overall feature importance. This is typically achieved by 

computing the mean absolute SHAP value for each feature: 

ὍάὴέὶὸὥὲὧὩὭ
ρ

ὲ
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(23) 
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, where ὲ is the number of observations. The results are often visualized in summary plots. The 

SHAP beeswarm plot provides a comprehensive overview by ranking features according to 

their global importance while simultaneously displaying the distribution and directionality of 

their effects. Each point in the beeswarm corresponds to an observation, its horizontal position 

representing the magnitude and sign of the SHAP value, and its color encoding the original 

feature value. This allows researchers to capture not only which features are influential, but 

also whether high or low values of these features are associated with increases or decreases in 

the model prediction. 
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4 INVESTIGATING THE IMPACT OF DISRUPTIONS IN 
URBAN ROAD NETWORKS  

4.1 Introduction 

EWEs are some of the most common disturbances; their importance is more obvious in the last 

years, as the weather is becoming even more unpredictable worldwide (Radović & Iglesias, 

2019). Their impacts are even more visible due to the ever-increasing frequency that such 

disturbances occur. It is, therefore, evident that all systems which permeate the operation of 

modern cities, including transportation networks, face the impacts of such disturbances 

(Konstantinidou et al., 2014). EWEs lead to disruptions in the operation of transportation 

networks. The three main elements/variables of the transportation systems which are affected 

by EWEs are: i) transportation demand, ii) safety, and iii) traffic flow. For that reason, questions 

about the operational performance of transportation networks during an EWE may arise 

(Diakakis et al., 2016; Maze et al., 2006). 

Floods are becoming a frequent phenomenon across the Mediterranean. Floods significantly 

affect the overall performance of transportation systems (Baloch et al., 2015; Barredo, 2007, 

2009; Eisenberg, 2004; Jonkman, 2005; Mitsakis, Stamos, Diakakis, et al., 2014; Norrman et 

al., 2000; Pregnolato et al., 2017). The impact of floods in traffic is usually reflected on flow 

and speed drops. The most common impacts are summarized in Table 7. 

Table 7. Impact of floods in traffic flow and speed. 

Research Impact on traffic low Impact on speed 

(Brilon & Ponzlet, 1996) 8% ▼ - 

(Maze et al., 2006) 22% ▼ 6% ▼ 

(Koetse & Rietveld, 2009) - 25%▼ 

(Mitsakis, Stamos, Diakakis, et al., 2014) 5% ▼ 5.6% ▼ 

 

It is evident that EWEs in general, and floods in particular, have major impacts on the road 

transportation networks. However, what needs to be further examined is the measures/strategies 

that could be applied for the impacts of EWEs to be mitigated (Mitsakis, Papanikolaou, et al., 

2014). To this end, the present Section aims to assess the effect of selected TMS on the 

operational performance of transportation networks under sever disruption from flooding 

events. 

The present Section investigates how urban road networks respond to major disturbances/ 

disruptions such as flooding events, and technological advancements such as CAVs. By 

examining real-world case studies in Athens and Mandra, the chapter assesses both the 

operational and structural impact of disruptions, while highlighting the criticality of integrating 

resilience considerations in traffic management systems. Through a combination of empirical 
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analysis and simulation-based evaluation, this chapter lays the foundation for the development 

and validation of the REACT resilience framework presented in the subsequent chapters. 

The goals of the present section are to: 

¶ Investigate how urban and peri-urban networks respond under conditions of extreme 

stress; 

¶ Highlight the limitations of traditional indicators in assessing resilience; and 

¶ Demonstrate the magnitude, heterogeneity, and nonlinear nature of the effects of a 

disruption. 

4.2 Connected and Automated Vehicles and Extreme Weather Events 

The literature signifies that the use of Connected and Automated Vehicles (CAVs) is expected 

to have positive impact on the operational performance of transportation networks (M. Zhou et 

al., 2016). In (Olia et al., 2018), the lane capacity is increased from 2,046 to 6,450 

vehicles/hour/lane with the penetration rate of CAVs increased from 0% to 100%. According 

to (Aria et al., 2016), the average density of a freeway is increased by 8.09% when CAVs are 

investigated. In the same research, average travel speed is increased by 8.48% and average 

travel time is decreased by 9.00%. In (van Arem et al., 2006b), it is mentioned that low CAVs 

penetration rate is not expected to have major impact on the operational performance of 

transportation networks. In (H. Liu et al., 2018), it is signified that in low penetration rates of 

CAVs, the application of additional Traffic Management Strategies is needed for increasing the 

operational performance of transportation networks. 

Concerning the mitigation of the impacts of EWEs with CAVs, various research exists which, 

however, deals with certain use cases and/or certain Cooperative Intelligent Transportation 

Systems (C-ITS) services mostly developed in the framework of research projects. In (Eriksson 

& Norrman, 2001), it is generally mentioned that ITS applications may assist in mitigating the 

impacts of EWEs. In (Dey et al., 2015), a Road Weather Information system is investigated and 

it is noted that this service could improve proactive maintenance programs and reduce adverse 

effects of weather to the surface transportation system. In (Petty & Mahoney, 2007), it is 

mentioned the possibility to make use of CAVs, and especially the V2X messages to collect 

data about the conditions during an event and then pick the Traffic Management Strategies 

which are expected to mitigate the impacts of the EWEs. 

Despite the fact that CAVs are a major research trend and that EWEs are tending to become the 

norm, there is no rich previous research in terms of investigating the possibility of using CAVs 

towards mitigating the impacts of EWEs. However, it is agreed that CAVs can significantly 

contribute towards increasing the operational performance of networks by increasing traffic 

density, increasing speed, and reducing the travel times. It is therefore of interest to further 

investigate the possibility of using CAVs, paired with another TMS, towards further 

investigating their impact on the operational performance of the network in the case of a 

flooding event. 
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4.3 Resilience Analysis of Road Networks Under Stress 

4.3.1 Methodological approach 

The methodological approach adopted in this chapter is grounded in a systems-based 

perspective on urban transport resilience and combines simulation, geospatial vulnerability 

mapping, and comparative performance analysis. The objective is to quantify and interpret the 

impact of disruptions -both environmental (e.g., flooding) and infrastructural (e.g., corridor 

blockages)- on the operational capacity of the network under realistic traffic conditions. 

 

The proposed method unfolds in four key stages: 

1. Disruption Event Definition: Each case study begins with the specification of a 

disruption scenario. This can be a real event (e.g., the November 2017 flood in Mandra) 

or a hypothetical failure (e.g., synthetic blockage of strategic corridors in Athens). The 

spatial extent, severity, and duration of the disruption are either derived from historical 

records or scenario-based simulation inputs. 

2. Microscopic Traffic Simulation: The baseline and disrupted states are simulated 

using a microscopic model that replicates vehicle-level dynamics across the network. 

Parameters include vehicle flows, speeds, turning ratios, and signal timings, calibrated 

to reflect real-world observations. This step enables detailed spatiotemporal tracking 

of congestion patterns, queue formation, and network saturation under stress 

conditions. 

3. Spatial Vulnerability Analysis: GIS-based methods are employed to overlay 

disruption zones with the road topology and assess the exposure of critical nodes and 

links. Vulnerability is evaluated using a combination of structural indicators (e.g., 

centrality, redundancy) and exposure indicators (e.g., proximity to flood zones or 

blocked segments). This helps to identify “hot spots” where infrastructure fragility 

coincides with operational importance. 

4. Network Performance Evaluation: The final stage involves extracting and comparing 

key performance indicators (KPIs) from the simulation outputs, including average 

travel time, total delay, vehicle throughput, and lost accessibility. Comparative analysis 

is performed between the baseline and disrupted scenarios, allowing quantification of 

performance degradation. The impact is further disaggregated by spatial region and 

vehicle class where applicable. 

This methodological workflow is visualized in Figure 11, providing a step-by-step 

representation of the analysis pipeline. The approach is designed to be modular and adaptable 

across different urban contexts and disruption types. 
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Figure 11: Methodological approach for analyzing resilience of networks under stress. 

4.3.2 Implementation 

In the framework of the present research, two simulated experiments are proposed: 1) The 

Mandra, Greece flooding event of November 15th, 2017, and 2) the Athens, Greece flooding 

event of October 14th, 2021. 

4.3.3 The case of Mandra, Greece 

The study area of Mandra is located in the Thriassion plain, at the western part of the Attica 

region. This area is characterized with a high concentration of streams, as well as by moderate 

relief around the western foothills and steeper slopes in the higher elevation parts of Mt. Pateras. 

Concerning the transportation network, said area is mostly covered by residential streets. The 

urban transportation network of Mandra is bidirectional with one lane per direction, in most of 

the cases. Traffic consists of private vehicles, due to the low level of service offered by public 

transport in this certain area. 

The catastrophic flash flood of 2017 in Mandra was triggered by an extremely intense storm 

that occurred between November 14th and 15th, 2017. The rainfall in this area started at 23:00 

on November 14th, 2017 and ended on November 15th, 2017 at 12:00. However, the heavy 

rainfall, which caused the majority of the disruptions in the transportation network of Mandra, 

occurred between 00:30 to 07:30 on November 15th, 2017. The event had a wide range of 

impacts, including geomorphic changes, impacts on vegetation, severe damages on buildings 

and infrastructure, and profound, diverse effects on transportation. Seven fatal accidents were 

recorded during the event, indicating that the safety of the transportation network was 

compromised. 

In Figure 12, the extent of the flood in the area of the western Attica Region, and especially in 

the area of Mandra is illustrated. 
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Figure 12: The extent of the flooding event in Mandra, Greece. 

Due to the lack of significant traffic information for the area of Mandra, an indirect method of 

determining the number of vehicles passing through a link was followed. The road type of the 

links of the network as extracted from OpenStreetMaps has been used in order for the capacity 

of the links to be determined (Zilske et al., 2015). Also, information concerning the travel times 

in all links of the network have been extracted by creating a script which extracts such 

information from the Google Maps API. Another source of information was the research 

conducted by (Diakakis et al., 2020) for the area of Mandra, which defines that in the main 

urban transportation network of Mandra, 1200 vehicles per hour per lane are moved, whereas 

in the rest of Mandra’s network this number equals to 500 vehicles per hour per lane. 

Based on the above, the number of vehicles in the network of Mandra, during peak hour is 3200 

vehicles/trips. It is worth noting that this number of vehicles/trips is not close to the one 

proposed in the research of Diakakis et al. (2020). This is mainly based on the source of 

information used; in (Diakakis et al., 2020), Floating Car Data (FCD) from a fleet is used 

therefore the number proposed in this research is not indicative of the transportation network 

of Mandra. 

4.3.4 The case of Athens, Greece 

The urban road network used for the experiments of the present research is the inner-ring urban 

road network of Athens, Greece (Athens testbed). The flooding event that took place in Athens, 

Greece on October 14th, 2021 was triggered due to the heavy rainfall. The disruptions caused 

on the urban transportation network of Athens, Greece occurred between 14:00 to 17:00. The 

main impacts caused by this disturbance was the closure, which led to heavy congestion in 

certain parts of the urban transportation network of Athens. 

In terms of data used for calibrating the Athens testbed model and executing the simulated 

experiments, data from the detectors’ network of Athens have been collected both for a typical 

working day and for the day of the event, for the relevant hours that the heavy rainfall and the 

flooding event took place. By making use of the data from the typical day, the microscopic 
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model of Athens testbed in the Aimsun Next simulator (Aimsun, n.d.) has been calibrated. The 

calibration results are in the acceptable limits since the GEH<5 metric is valid for 86% of the 

detectors. Also, by comparing the speeds’ data between the typical day and the day that the 

disturbance occurred, information concerning the parts of the Athens urban transportation 

network that have been affected by the disturbance was also retrieved. 

In Figure 13, the detectors’ network in the urban transportation network of Athens is illustrated. 

Additionally, in Figure 14, the sections identified as the ones which were affected by the heavy 

rainfall and the flooding event are presented. 

 

Figure 13: The detectors’ network in the urban transportation network of Athens, Greece. 

 

Figure 14: The sections of the urban transportation network of Athens that were affected by the 

disturbance. 
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4.4 Impact of the flooding events 

4.4.1 The case of Mandra, Greece 

We formulate three (3) scenarios to investigate the impacts of traffic management measures to 

the resilience of the road network of Mandra. The scenarios are as follows: 

1. Scenario 1: Simulates the impact of the flood with no application of any TMS. 

2. Scenario 2: Simulates the impact of the flood with application of a re-routing strategy. 

3. Scenario 3: Simulates the impact of the flood with application of a re-routing strategy 

and with the existence of communication among the vehicles themselves (V2V 

communications). 

By making use of the Simulation of Urban Mobility (SUMO) microscopic traffic simulator 

(Lopez et al., 2018), the aforementioned scenarios have been implemented. In Table 8 the 

results for each scenario are presented. The values included in the table are the mean values for 

the length of the performed trips, the mean speeds of the vehicles, the mean duration of the 

trips, the vehicle kilometers travelled, the number of vehicles that have been inserted in the 

simulation, the number of vehicles that remained in the simulation because they did not reach 

their final destination, and the number of served vehicles (entered in the simulation and reached 

their final destination). 

V2V communication in Scenario 3 is accomplished through the implementation of the 

Cooperative Adaptive Cruise Control (CACC) car-following model (Milanes et al., 2014; 

Milanés & Shladover, 2014; Xiao et al., 2017, 2018). The goal of the CACC controller is 

maintaining the driver desired time gap to the preceding vehicle in any traffic circumstance, 

with both smoothness and accuracy (Milanes et al., 2014). By implementing the CACC car-

following model, vehicles can follow their predecessors with higher accuracy, faster response 

to changes, and shorter time gaps. 

In Scenario 2 and Scenario 3, rerouting is achieved by assigning rerouting devices in all the 

vehicles and importing rerouters in all the links of the flooded areas. Rerouters then inform all 

equipped vehicles about the need to change their route, in order for them to reach their final 

destination. 

In the present case study, due to the fact that the SUMO microscopic traffic simulator (Lopez 

et al., 2018) is used, rerouting is achieved by automatically computing the fastest route, in terms 

of current (smoothed) travel times in the network, using the Dijkstra algorithm (Dijkstra, 1959) 

and starting at the edge the vehicle is located at and ending at the new destination. The 

additional constraint used in this case is for the closed edges (edges in which the rerouting is 

performed) should be avoided be the vehicles.  

We attempt to compare the results with the Business-as-Usual (BAU) scenario, where we 

consider the operation of the road network under typical conditions (no flood, no traffic 

management). In all the examined scenarios, the time period of 05:00 - 09:00 of November 

15th, 2017 is taken into consideration. This is because the flooding event was in full action 

during this time interval (Diakakis et al., 2020). 
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Table 8. Impact of the Mandra flooding in the operational performance of the network. 

Metric BAU Scenario 1 Scenario 2 Scenario 3 

Route length (m) 982.17 2890.76 2434.26 2045.55 

Speed (km/h) 37.91 8.93 24.62 33.08 

Duration of trip (s) 138.59 8637.62 2266.34 978.32 

Vehicle mileage 9484.82 7406.13 17431.74 17970.16 

Vehicles inserted 9657 2562 7161 8785 

Vehicles remained 280 2055 2854 1389 

Served vehicles 9377 507 4307 7396 

 

The impact of the flood in the urban transportation network of Mandra is evident, as presented 

in Table 8. In comparison to the base BAU scenario, the do-nothing scenario (Scenario 1) - in 

which just the flooding event is simulated - signifies the performance drop of the network. 

There is an increase in the mean route length and a decrease in the mean speed of vehicles by 

about 76%, while at the same time the average travel time of vehicles on the network has 

increased rapidly. Also, the reduction of the total vehicle mileage during the simulation is 

evident. This is because the vehicles entered in the simulation and are not served are vehicles 

that cannot reach their destination, as a result of which they are constantly moving in the 

network. Finally, there is a noticeable decrease in the number of vehicles served. In Scenario 1, 

a significantly lower number of vehicles managed to be inserted in the simulation, while at the 

end of the simulation the largest percentage of vehicles that had entered the network remained 

in the simulation. This results in a reduction of the served vehicles by approximately 95%. This 

fact was expected considering the area affected by the flood (Figure 12). 

In the other two scenarios (Scenarios 2 and 3), where TMS are applied, there is an improvement 

of all metrics, compared to Scenario 1. More specifically, in Scenarios 2 and 3 there is a 

decrease in the average travel length by 16% and 29% respectively, as well as an increase in 

the average speed by 176% and 270% respectively. At the same time, the average duration of 

the trips is reduced by 74% and 89% respectively, which means that the vehicles reach their 

destination and do not simply remain in the network during the simulation. This fact is further 

supported by the number of vehicles entered the simulation, the number of vehicles that 

remained in the network after the end of the simulation and the number of vehicles served. 

Regarding the vehicles that entered the simulation, there is an increase of 180% and 243% in 

Scenarios 2 and 3 respectively, while in terms of the vehicles that remained in the simulation 

after the end of its duration Scenario 2 shows an increase of 39%, while Scenario 3 a decrease 

by 32% compared to Scenario 1. The increase in the number of vehicles left in the network after 

the end of the simulation is because in Scenario 2 more vehicles entered in the simulation. 

Finally, regarding the number of served vehicles, there is an increase of 750% and 1359% in 

Scenarios 2 and 3, respectively. The only metric that may not seem to have improved is the total 

vehicle mileage. There is an increase of 135% in Scenario 2 and 143% in Scenario 3, compared 

to Scenario 1. However, this result is reasonable if one considers that in these scenarios a 

rerouting strategy was applied. In Table 9, all percentage changes of Scenarios 2 and 3 

compared to Scenario 1 are summarized. 
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Table 9. Impact of floods in traffic flow and speed. 

Metric Scenario 2 Scenario 3 

Route length (m) 16% ▼ 29% ▼ 

Speed (km/h) 176% ▲ 270% ▲ 

Duration of trip (s) 74% ▼ 89% ▼ 

Vehicle mileage 135% ▲ 143% ▲ 

Vehicles inserted 180% ▲ 243% ▲ 

Vehicles remained 39% ▲ 32% ▼ 

Served vehicles 750% ▲ 1359% ▲ 

 

It is of interest to compare Scenarios 2 and 3 among each other. Both scenarios, as mentioned 

above, improve network performance compared to Scenario 1. However, Scenario 3 lead to a 

better performance when compared to Scenario 2. The difference between said scenarios is due 

to the existence of V2V communications among the vehicles moving on the urban road network 

of Mandra in Scenario 3. The implementation of V2V communications, as mentioned above, is 

achieved through the implementation of the CACC car following model. CACC leads to the 

optimal adjustment of the speed of each vehicle in relation to the vehicle in front. This 

adjustment is made every 0.1 seconds and allows for the vehicles to move at higher speeds with 

smaller gaps between them. This enables the network to serve more vehicles. The combination 

of CACC with the re-routing strategy, therefore, allows for a larger number of vehicles to be 

served, with higher mean speed and a shorter mean duration of trips. The only metric that does 

not appear to be improved in Scenario 3, compared to Scenario 2, is the total vehicle mileage. 

This difference is subject to the operation of the rerouting strategy. 

4.4.2 The case of Athens, Greece 

Overall, the same mixture of scenarios is examined in the case of Athens, Greece. However, a 

sensitivity analysis is also implemented for a thorough investigation of the usefulness of C-ITS 

towards mitigating the impacts of EWEs to be implemented. In the case of Athens, Greece 132 

simulation experiments have been conducted. The scenarios include the Business-as-Usual 

scenario, the do-nothing scenario, and the scenarios with the implementation of CAVs and the 

application of the rerouting strategy. Concerning the latter, for an increase of 10% of rerouting 

strategy penetration rate per step, the CAVs penetration rate from 0% to 100% with a step of 

10%. 

By using the Aimsun Next microsimulator (Aimsun, n.d.), the scenarios for the case of Athens, 

Greece are further investigated. For each scenario the following KPIs, which are closely related 

to the operational performance of urban transportation networks, are quantified: traffic flow 

(veh/h), traffic density (veh/km), delay (sec/km), speed (km/h), and travel time (sec/km). In all 

of the examined scenarios, the period of 14:00 - 17:00 of October 14th, 2021 is taken into 

consideration. This is because the heavy rainfall and the flooding event were in full action 

during this time interval. 

As in the case of Mandra, CAVs are simulated by making use of the CACC car-following model 

in the Aimsun Next microscopic simulator. Rerouting is achieved by placing a rerouting device 

at the beginning of each of the sections that are affected by the heavy rainfall. In this case study, 

rerouting is achieved through a Stochastic Route Choice process. Said process uses a least-cost 
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path tree to determine the optimal route for each vehicle, but with a stochastic element. Vehicles 

are assigned to available routes with a probability based on the experienced travel time on those 

routes during the previous cycles. 

In the following figures (Figure 15 and Figure 16) the mean delay and mean travel time for the 

BAU scenario, the do-nothing scenario and all the discrete rerouting scenarios for 0% 

penetration rate of CAVs are illustrated accordingly. 

 

Figure 15: Mean delay (sec/km) for 0% penetration rate of CAVs for the Athens road network. 

 

Figure 16: Mean travel time (sec/km) for 0% penetration rate of CAVs for the Athens road 

network. 

The impact of the heavy rainfall and the flooding events in the urban transportation network of 

Athens is evident. Compared to the BAU scenario, the mean delay has been increased by 

approximately 13% and the mean travel time has been increased by approximately 18% in the 

do-nothing scenario. For mean travel time (Figure 16) time reduction is observed at 20% 

rerouting strategy penetration rate presents (11.4% reduced mean travel time compared to the 

do-nothing scenario) The fact that for higher penetration rates the performance drops is 



Investigating the Impact of Disruptions in Urban Road Networks 

60 

occurred due to the fact that in high rerouting penetration rates the neighboring sections to the 

section that the strategy is applied are congested. 

With regards to CAVs, the increasing penetration rates of CAVs leads to reduced mean travel 

times and increased traffic flow in the case where no rerouting strategy is implemented. For 

80%-100% CAVs penetration rates, the mean travel time is decreased by approximately 9.2%, 

compared to the case where no CAVs are simulated, whereas for 10% CAVs penetration rate 

the decrease in the mean travel time is 2.6%. For traffic flow, the 100% penetration rate of 

CAVs leads to an increase in the mean traffic flow by approximately 17.6% compared to 0% 

CAVs penetration rate. All the aforementioned are illustrated in Figure 17 and Figure 18. 

 

Figure 17: Mean travel times (sec/km) for various penetration rates of CAVs with no rerouting 

strategy implementation for the Athens road network. 

 

Figure 18: Mean traffic flow (veh/h) for various penetration rates of CAVs with no rerouting 

strategy implementation for the Athens road network. 
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Figure 19 below illustrates the impact that each CAVs penetration rate has in the mean travel 

time, per the rerouting strategy penetration rate. The lowest values of mean travel time are 

present on relatively low rerouting strategy penetration rates (20%-40% rerouting strategy 

penetration rates) and for high penetration rates of CAVs. For higher or lower rerouting strategy 

penetration rates, there are no significant changes in the mean travel time. This is due to the 

fact that the rerouting strategy causes high congestion in the sections close to the sections 

affected by the disturbance. Also, the higher penetration rates of CAVs are in favor of lower 

mean travel times because the vehicles make better use of the transport infrastructure, due to 

the reduced headway needed. 

 

Figure 19: Mean travel time (sec/km) for all CAVs penetration rates, per rerouting strategy 

penetration rates for the Athens road network. 

4.5 Discussion 

In the present section, an attempt to assess the impact of CCAM enabled TMS towards 

mitigating the impacts of disturbances in urban transportation networks is made. The case of 

floods in the wider Athens metropolitan area is further investigated, as floods are one of the 

most common disturbances affecting the operation of transportation systems. For the impacts 

that such disturbances may have in transportation networks to be further examined, the 

operational performance of urban transportation networks is investigated through a set of 

performance-related metrics. In this research, the case studies concerning the floods on Mandra, 

Greece of 2017 and of Athens, Greece of 2021 has been examined. Except of simulating the 

disturbance itself, two TMS have been introduced which inform the enable the drivers to change 

their route due to the event and examine the impact that V2V communications may have in the 

operation of transportation networks during flooding events. 

The results show, at a first glance, the severity of the flooding event itself. However, the 

implementation of said Traffic Management Strategies seems promising, mostly when these 

strategies coexist. What can be deemed as important is that the scenario which simulates only 

V2V communications seems the most promising. The examination of the do-nothing scenarios, 

when compared to the Business-as-Usual scenario, proves the impact of each event on the 

performance of the urban transportation networks they took place. Additionally, the application 
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of various scenarios with the implementation of Traffic Management Strategies shows that they 

can improve its performance. It is worth noting that, in the present research, the performance 

of the network will never be able to reach its performance without the effect of the flood. This 

is because of the extension of the network that is affected by the flood. Yet another fact that 

contributes to this conclusion is that the effect of the event extended to the morning rush hour, 

at which time the demand on the network increased compared to other hours. 

Finally, it is evident that the application of only conventional traffic management methods 

(rerouting) cannot improve the performance of the network at a desired level. The application 

of new technologies such as V2V communications can assist towards improving the 

performance of the network under disturbances, as it allows the exchange of information among 

the vehicles themselves about the traffic conditions of the network. This results that vehicles 

are constantly adapting their speed and their route and, thus, move optimally in the urban road 

network. 

Such a typical resilience analysis, as the one described in this Section, proves the degradation 

of the operational performance of urban and peri-urban transport networks in disaster situations, 

proves that the loss of viable/functional routes in the network (especially in the case of Mandra, 

Greece) is an important factor of performance degradation, and validates the importance of 

TMS in addressing the effects of disturbances. What such a typical resilience analysis does not 

provide is: (i) any data concerning the significance of multiple structural elements of each 

network in their overall performance, (ii) does not give the ability to progress with introducing 

a generic resilience metric, (iii) possibility to compare two networks in terms of their resilience, 

and (iv) the possibility to implement any ML model to predict the performance degradation of 

a network due to any disturbance. 
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5 GENERIC URBAN ROAD NETWORK RESILIENCE 
METRIC 

5.1 Introduction 

In the present Section, the implementation of the methodological approach of the strategic level 

of the REACT framework is further discussed. The main research questions that are addressed 

in the present section, through extensive simulation and unsupervised statistical analysis, are 

the following: 

• Can topological and demand-related resilience metrics be combined to produce a 

generic resilience metric?, and  

• What are the factors that may affect a generic resilience metric which jointly considers 

both topological and demand-related metrics? 

For further investigating said research questions, the methodological approach is implemented 

and evaluated in the Athens testbed. The remainder of the Section includes the results that 

occurred from the application of the Methodological Framework in the Athens testbed, and the 

existence or absence of any correlation among topological and demand-related resilience 

related metrics is investigated. At first, preliminary statistical analysis of the results is provided. 

Then, an attempt to investigate the interrelation between efficiency, vulnerability, and criticality 

is presented based on the clustering of the network by making use of the k-means clustering 

algorithm. Afterwards, the use of a general linear model for finding a function which best fits 

in with the results of the experiments is further described and analyzed. Finally, the main 

findings of this research are presented and discussed, as well as some future research initiatives 

are established. 

5.2 Implementation and Results 

5.2.1 Urban road network 

The urban road network used for the experiments of the present research is the Athens testbed. 

Athens is the capital and largest city of Greece. The area of the Athens metropolitan area is 

2,928.717 square kilometers and the population is 3,753,783 inhabitants. The municipality of 

Athens covers an area of approximately thirty nine (39) square kilometers and has a population 

of 664,046 inhabitants. The urban road network of the municipality of Athens contains links 

with both low functional class (e.g., residential roads) and high functional class (e.g., tertiary 

roads, arterials, and freeways). The network consists of 1293 nodes/ intersections and 2572 

edges/ links. Demand-wise, approximately 83000 vehicles are inserted in the network during 

morning peak hour. 

The above network is used both as a directed unweighted acyclic graph and as a macroscopic 

transportation network. The directed graph of the network is designed and used in the 
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NetworkX graph-oriented programming package (Hagberg et al., 2008) and the macroscopic 

transportation network is used in Aimsun Next traffic simulator (Aimsun, n.d.). Figure 20 below 

illustrates the inner-ring urban road network of the city of Athens used in the present research 

extracted from the Aimsun Next traffic simulator (Aimsun, n.d.) in a Geographical Information 

System software. The network has been designed by hand in the Aimsun Next traffic simulator 

(Aimsun, n.d.) using Google Maps images as a background map. 

 

 

Figure 20: Athens inner-ring urban road network – Athens Testbed. 

5.2.2 Resilience metrics quantification 

All resilience metrics (centralities, efficiency, criticality) are quantified based on Equations 2 - 

14 and Equations 18 - 19. The quantification of said metrics is executed in two discrete phases, 

as illustrated in Figure 7. At first centralities, efficiency, and criticality are quantified by 

considering the normal undisturbed operation of the network. Concerning the quantification of 

centralities, efficiency, and vulnerability graph Ὃ is used. The mathematical formulations of 

Equations 2 - 14 are implemented. For the quantification of criticality under the normal 

undisturbed operation of the network the Unified Network Performance Measure (Equation 19) 

is calculated. The Unified Network Performance Measure ‐ὋȟὨ is calculated by considering 

the User Equilibrium Assignment for the normal undisturbed operation of the network. 

Afterwards, the Sequential Structural Element Elimination process is initiated. In this process, 

structural components of the Athens testbed are sequentially removed from both graph Ὃ and 

the Aimsun macroscopic model of the network. After the removal of each component, the 
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associated metrics are quantified, as described in Equations 2 - 14 and Equations 18 - 19, and 

stored in a database. 

Figure 21 illustrates the efficiency metric for the removal of each of the links of graph Ὃ. Value 

Ὁ is directly associated with the link removed from the graph per iteration. In the same spirit, 

Figure 22 illustrates the vulnerability of the graph after the removal of each link. As previously 

mentioned, the value of vulnerability ὠ is directly associated with the link removed from the 

graph in each iteration of the iterative approach used. 

The assumption previously made, that the values of vulnerability will be low due to the removal 

of only one link per iteration, is obvious from Figure 22 and Table 10. The values of efficiency 

per iteration Ὁ are close to the value of Ὁ (value of the efficiency metric without the removal 

of any structural element of graph Ὃ) and the values of both efficiency and vulnerability are 

low scattered (Table 10). It is of interest to note that, in some cases, vulnerability takes negative 

values, therefore the Braess paradox (Braess, 1968; Braess et al., 2005) appears in these cases 

and it denotes that the removal of links from the graph/ network may improve its operational 

performance. The existence of the Braess paradox can be met in the literature (Sullivan et al., 

2010). 

 

 

Figure 21: Efficiency after the removal of each link from graph G. 
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Figure 22: Vulnerability after the removal of each link from graph G. 

 

Table 10. Preliminary statistical analysis for efficiency and vulnerability. 

Statistical metrics Efficiency Vulnerability 

Mean 0.06790 0.00001 

Standard Error 0.00000 0.00000 

Median 0.06791 0.00000 

Standard Deviation 0.00003 0.00003 

Sample Variance 0.00000 0.00000 

Kurtosis 41.05449 41.05960 

Skewness -4.53810 4.53839 

Minimum 0.06747 0.00000 

Maximum 0.06792 0.00044 

Confidence Level (95.0 %) 0.00000 0.00000 

 

In terms of criticality, Figure 23 illustrates the Network Component Importance index ὰὫ of 

each link of the network. Table 11 then illustrates the scattering of the values of ὰὫ. As in the 

case of vulnerability, one can note that the removal of certain links improves the operational 

performance of the network (Braess paradox). Concerning the values of the Network 

Component Importance Index (Table 11) it is observed that the values presented are more 

scattered compared to the values of both the efficiency metric Ὁ and vulnerability ὠ. 
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Figure 23: Network Component Importance index for the Athens inner-ring urban road 

network. 

Table 11. Preliminary statistical analysis for criticality. 

Statistical metrics Network Component Importance 

Mean 0.01600 

Standard Error 0.00050 

Median 0.00839 

Standard Deviation 0.02336 

Sample Variance 0.00055 

Kurtosis 8.49439 

Skewness 2.72759 

Minimum -0.03987 

Maximum 0.21563 

Confidence Level (95.0 %) 0.00097 

 

5.2.3 Resilience metrics clustering 

Here, an attempt to examine whether the clustering of the Athens inner-ring urban road network 

according to the values of the metrics previously presented has been made. The clustering is 

based on the Hartigan-Wong k-means algorithm (Hartigan & Wong, 1979). Based on the Elbow 

method (Thorndike, 1953), the optimum number of clusters used in the methodology is equal 

to two (2). The results of the application of the clustering methodology are illustrated in Figure 

24. 
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Figure 24: Clustering of the network based on efficiency (a), vulnerability (b), and Network 

Component Importance index (c). 
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It is evident from Figure 24 that no actual and significant clusters occur when discrete metrics 

are used in the k-means clustering methodology. In an attempt for a clustering of importance to 

be exported from the k-means clustering methodology, efficiency and Network Component 

Importance index are used as input to the k-means clustering algorithm. The results illustrated 

in Figure 25a are very similar to the clustering that occurs when only the flow of each link of 

the urban road network, as occurred from the User Equilibrium Assignment for the normal 

undisturbed operation of the urban road network, is fed to the clustering algorithm (Figure 25b). 

This result may provide an insight on how these metrics correlate and how their combination 

can lead to the extraction of significant results in terms of traffic management and operational 

research. 

 

Figure 25: Clustering of the network based on efficiency and the Network Component 

Importance index (a) and flow of each link (b). 
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5.2.4 Modeling Link Importance (LI) for Sequential Link Elimination 

The findings of the clustering suggest that efficiency and the Network Component Importance 

index should be jointly examined with the flow of each link of the urban road network, as 

occurred from the User Equilibrium Assignment for its normal undisturbed operation. For that 

reason, Link Importance (ὒὍ) is introduced. As defined in Equation 20, ὒὍ is the ratio of the 

Network Component Importance index and the efficiency index. 

As derived from Table 10 and Table 11, efficiency is a low scattered metric, and the Network 

Component Importance index is both more scattered and with higher values. Therefore, as the 

magnitude of ὒὍ increases, the importance of the removed link/element of the graph is higher 

and, thus, the network is less resilient. Figure 26 depicts the scatter plot of ὒὍ with the flow of 

each link. Figure 27 shows the same relationship but per functional class of the network, namely 

trunk, primary, and residential roads. 

 

 

Figure 26: ╛╘ versus link traffic volume (veh/h) of each link. 
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Figure 27: ╛╘ versus link traffic volume (veh/h) of each link per its functional class. 
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For links that are categorized as trunk, no further clustering is needed for the examination of 

the relation between ὒὍ and flow. However, this is not the case with primary and residential 

links. For each of these functional classes, two (2) clusters appear. Said clusters are determined 

based on the values of LI and flow. Considering ὒὍ, the clustering occurs for ὒὍ < 1 and for ὒὍ 

> 1. ὒὍ = 1 is of importance because it means that the Path Assignment algorithm gives the 

same result as a simple shortest path algorithm, thus the demand of the network is very low. 

However, this is not happening in urban road networks. Concerning flow, the clustering occurs 

for flow < 1000 and flow > 1000. Flow = 1000 is important because for values of flow greater 

than 1000 congestion starts to appear in the links of the network. 

The functions that best express the relation of ὒὍ versus flow, per the functional class of the 

links of the network, are illustrated in Figure 28. 

 

 

Figure 28: Functions that permeate ╛╘ versus link traffic volume (veh/h) of each link per its 

functional class. 

Five (5) functions are provided for the functional classes of the links of Athens inner-ring urban 

road network. Said functions are presented in Equations 24 - 28. A statistical analysis of these 

functions is presented in Table 12. 

ὒὍ ρ πȢτυσψπȢπππσzὪὰέύρψπωȢχψψω (24) 

ὒὍ ς  πȢρψψφπȢρρςφz
Ὢὰέύ

ρπππ
πȢψτστ 

(25) 

ὒὍ σ  ρȢτπυψπȢπππχzὪὰέύυυωȢτψςπ (26) 
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ὒὍ τ  πȢωσπȢςρτψz
Ὢὰέύ

ρπππ
πȢπτυςτ 

(27) 

ὒὍ υ  ρȢςσρυπȢπππτzὪὰέύςχχȢσσςτ (28) 

 

Table 12. Goodness of fit of Equations 24 - 28. 

Statistical 

metrics 

Equation 

21 

Equation 

22 

Equation 

23 

Equation 

24 

Equation 

25 

Residual df 93 782 40 819 56 

Scale parameter 0.0827 0.0261 0.1130 0.0065 0.01437 

Deviance 7.6895 20.4195 4.5188 5.3048 0.8049 

Pearson 7.6895 20.4195 4.5188 5.3048 0.8049 

(1/df) Deviance 0.08268 0.0261 0.1130 0.0065 0.0144 

(1/df) Pearson 0.0827 0.0261 0.1130 0.0065 0.0144 

AIC 0.3660 -0.8049 0.7037 -2.1979 -1.3706 

Log likelihood -15.3832 317.5354 -12.7774 906.3552 41.7472 

BIC -415.8210 -5191.1480 -144.9880 -5491.6110 -226.5799 

 

As mentioned above, each of the equations corresponds to one of the clusters defined through 

Figure 26, Figure 27, and Figure 28. Equation 24 corresponds to trunk links with ὒὍ < 1. No 

restrictions concerning flow exist for links that are characterized as trunks. Equations 25 and 

26 refer to links that are characterized as primary. Equation 25 refers to ὒὍ < 1 with no flow 

limitations, and Equation 26 refers to ὒὍ > 1 and flow < 1000. The last two (2) equations 

(Equations 27 and 28) refer to residential links. To be more specific, Equation 27 corresponds 

to ὒὍ < 1 and Equation 28 to ὒὍ > 1 and flow < 1000. 

5.2.5 Modeling Link Importance for Sequential Structural Element Elimination 

As a next step in the application of the methodological framework, the same type of analysis 

has been implemented for investigating the relation between ὒὍ and flow after a Sequential 

Structural Element Elimination process. To this end, OD paths and nodes are removed from the 

network. Concerning OD paths, the twenty (20) OD paths with the higher demand, according 

to the OD table, are removed. Following the same approach, the twenty (20) nodes with the 

highest closeness centrality and the twenty (20) nodes with the highest betweenness centrality 

are also removed. 

For the sequential elimination of paths, the results prove that a relation between ὒὍ and flow 

exists. It is worth mentioning that no categorization has been made, as is the case for the relation 

of ὒὍ and flow in the Sequential Link Elimination process. In Figure 29 the scatter points, as 

well as the function that permeates the relation between ὒὍ and flow in the case of sequential 

elimination of paths is illustrated. 
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Figure 29: Function that permeates ╛╘ versus link traffic volume (veh/h) of each path. 

The function that describes the relation between ὒὍ and flow in this case is presented in 

Equation 29. 

ὒὍ πȢχτχσςz ρπ ᶻὪὰέύ υz ρπ ᶻὪὰέύ (29) 

 

Concerning the sequential elimination of nodes, the top twenty (20) nodes with regards to their 

betweenness centrality are removed from the network. The removal of the nodes differentiates 

from the removal of both links and paths in the sense that if a node itself is removed, there is 

no structural integrity in the graph. Therefore, and for this fragmentation to be tackled, the 

nodes are removed by removing all the links originated from and concluded to the node of 

interest. Concerning the nodes with high betweenness centrality, a relation between ὒὍ and flow 

appears. Interestingly it appears that, opposingly to the case of OD paths, the removal of nodes 

with high betweenness centrality does not always lead to a performance drop in the network. 

Therefore, two clusters appear: for ὒὍ > 0 and for ὒὍ < 0. The scatter points and the functions 

for each cluster ὒὍ ρ and ὒὍ ς) are illustrated in Figure 30. 
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Figure 30: Functions that permeate ╛╘ versus link traffic volume (veh/h) for nodes with high 

betweenness centrality. 

The function that describes the relation between ὒὍ and flow, in this case, are presented in 

Equations 30 and 31. Equation 30 is applied when ὒὍ > 0 and Equation 31 when ὒὍ < 0. 

ὒὍ ρ ςȢσχπρχz ρπ ᶻὪὰέύπȢπππψzὪὰέύ (30) 

ὒὍ ς σȢφπψσφz ρπ ᶻὪὰέύπȢπππωzὪὰέύ (31) 

 

Concerning the cases where ὒὍ < 0, this interesting result originates in the fact that despite the 

high betweenness centrality of these nodes, the Path Assignment algorithm diverges traffic in 

the area around these nodes. This fact combined with the nature of the Athens testbed network 

(urban road network) and the medium Volume Capacity ratio in the network may justify the 

negative ὒὍ. In Figure 31 below the Assigned Volume for a certain node with high betweenness 

centrality and ὒὍ < 0 is illustrated. Additionally, this paradox is present in the literature like in 

the research of Martín et al. (2021). The general principle behind this paradox is that 

homogeneous dense networks (like the urban road network of a city), which allow for the 

existence of various alternative paths in the case of eliminating an element of the network, 

exhibit this behavior, as opposed to sparse road networks which are, in general, less resilient. 



Generic Urban Road Network Resilience Metric 

76 

 

Figure 31: Assigned Volume under normal conditions (left) and after node removal (right). 

In the case of the sequential elimination of nodes and especially concerning the twenty (20) 

nodes with the highest closeness centrality, no significant relation among ὒὍ and flow has been 

identified. It is worth noting, however, that in all cases ὒὍ is negative. This is due to the 

identification of many alternative paths from the Path Assignment algorithm used (Martín et 

al., 2021). 

5.2.6 Structural Element Importance Estimation 

In this step of the statistical analysis, the possibility to estimate the importance of a structural 

element of the network by considering only the number of links included in it is further 

investigated. For said investigation, the data extracted in the previous step of the 

methodological approach is used. In total, data for the elimination of 151 paths and 20 nodes is 

further analyzed. 

5.2.6.1 Corridor Importance Estimation 

For the Corridor Importance Estimation, the data from the 151 paths analyzed in the previous 

step of the methodological approach of the present research are used. At first, let us define ὒὍ 

as the ὒὍ index of a corridor, ὒὍ  as the median values of the ὒὍ indices of all the links 

that form each corridor, and ὔ as the number of links contained in each corridor. In Figure 32 

below, the ὒὍ index of the corridors is illustrated with the median of the ὒὍ indices of the links 

contained in them. 
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Figure 32: ╛╘╬ versus ╛╘□▄▀░╪▪. 

After a thorough examination of the data illustrated in Figure 32, the following mathematical 

formulation may derive (Equation 32). 

ὒὍ πȢχχχzὒὍ πȢπυςzὔ πȢυτω (32) 

 

The mathematical formulation of Equation 32 represents a multiple linear regression model 

which contains one (1) dependent and two (2) independent variables. Concerning the goodness 

of fit of Equation 32, the R-squared value is equal to 0.879, in terms of heteroscedasticity the 

null hypothesis of the Goldfeld Quandt test is rejected so heteroscedasticity is not present, the 

residuals are randomly scattered around zero for the entire range of fitted values, the residual 

degrees of freedom value is equal to 95, standard deviation is equal to 0.539, the Pearson 

correlation test value is equal to 0.872, the AIC value is equal to -0.317, and the RSS value is 

equal to 5.305. 

Equation 32 manages to correlate the ὒὍ index of a corridor with the median of the ὒὍ indices 

of all the links included in the corridor and the number of said links. If a corridor consists of 

links with high Link Importance indices or a high number of links, then its elimination from a 

network will lead to high performance loss in the network level. An illustration of Equation 32 

is depicted in Figure 33 below. 
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Figure 33: ╛╘╬ versus ╛╘□▄▀░╪▪ and ╝. 

Equation 32 manages to connect the importance of a corridor with the individual importance of 

the links contained in it, as well as with their number. This is an important finding; its 

importance lies in the fact that by knowing the flows of the individual links in a corridor (e.g., 

by having data from loop detectors), the importance of the whole corridor that contains certain 

links can be quantified. 

5.2.6.2 Intersection Importance Estimation 

For the Intersection Importance Estimation, the data from the twenty (20) nodes with high 

betweenness centrality analyzed in the previous step of the methodological approach of the 

present research are used. We define ὒὍ as the ὒὍ index of an intersection, ὒὍ  as the 

median values of the ὒὍ indices of all the links that form each corridor, and ὔ as the number of 

links contained in each intersection. In Figure 34 below, the ὒὍ index of the corridors is 

illustrated with the median of the ὒὍ indices of the links contained in them. 
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Figure 34: ╛╘░▪◄ versus ╛╘□▄▀░╪▪. 

After a thorough examination of the data illustrated in Figure 34, the following mathematical 

formulation may derive (Equation 33). 

ὒὍ ρȢχωψzὒὍ πȢρτυzὔ ρȢτρχ (33) 

 

The function presented in Equation 33, as in Equation 32, represents a multiple linear regression 

model which contains one (1) dependent and two (2) independent variables, thus it represents 

a surface. Concerning the goodness of fit of Equation 33, the R squared value is equal to 0.639, 

in terms of heteroscedasticity the null hypothesis of the Goldfeld Quandt test is rejected so 

heteroscedasticity is not present, the residuals are randomly scattered around zero for the entire 

range of fitted values, the residual degrees of freedom value is equal to 23, standard deviation 

is equal to 0.377, the Pearson correlation test value is equal to 0.799, the AIC value is equal to 

15.143, and the RSS value is equal to 2.003. 

Equation 33 sufficiently correlates the ὒὍ index of an intersection with the median values of the 

ὒὍ indices of all the links included in the intersection and the number of said links. As described 

above in the case of corridors, if links with high ὒὍ indices or a high number of links originate 

to or end at the intersection of interest, then its elimination from a network will lead to high 

performance loss in the network level. An illustration of Equation 33 is depicted in Figure 35. 
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Figure 35: ╛╘ἱ▪◄ versus ╛╘□▄▀░╪▪ and ╝. 

Equation 33 manages to connect the importance of an intersection with the individual 

importance of the links originating from or ending at it, as well as with their number. As already 

mentioned above in the case of corridors, this is an important finding, as it allows for 

quantifying the importance of an intersection by considering the flows of the individual links 

in said intersection (e.g., by having data from loop detectors). The combination of said findings 

is also important, as it paves the way towards quantifying the importance of a whole area of the 

network. This can be done by considering the area as a set of links which form among 

themselves corridors and intersections. 

5.3 Concluding remarks 

The application of the methodology for the Strategic level of the REACT framework aimed to 

investigate the relationship between efficiency, vulnerability, and criticality for a real-life urban 

road network. For this purpose, a series of experiments were planned and executed in the Athens 

testbed. On both the macroscopic transportation network and the directed graph experiments 

were executed where, per each iteration, one link was removed from the network and then the 

metrics were calculated. 

The analysis of results showed that efficiency and vulnerability values are significantly lower 

compared to criticality (especially when considering vulnerability). It is important that the 

Braess Paradox was present during the preliminary analysis. Then, a clustering methodology 

based on the k-means clustering algorithm revealed that the relation between efficiency, 
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vulnerability, and criticality may hinder some more complex dynamics which may be 

approached by incorporating some transportation-related variables like flow or capacity in the 

process of investigating the relation between efficiency, vulnerability, and criticality. 

Furthermore, the joint analysis of criticality and efficiency point to a polynomial relationship 

between the ratio of the Network Component Importance index and efficiency index (ὒὍ), and 

traffic flow of each link of the network, as well as of both OD paths and nodes in the network.  

The findings of the present research are considered as important because they allow for 

quantifying the performance drop in case of a disturbance by having knowledge either of the 

flow of vehicles that cross an edge, or of the number of vehicles in a node or a path. This would 

be useful in cases where a road network is widely covered and monitored by data collection 

devices like loop detectors. By having extended knowledge of the flow of vehicles per link then 

the ὒὍ indicator for the links of the network could be quantified. Another important contribution 

of the present research is that it provides a first step towards identifying a universal resilience 

metric. The incorporation of various resilience related metrics under one metric which will 

reflect resilience of a network under multiple points of view is critical and is expected to allow 

relevant stakeholders for better operational planning towards mitigating the impacts of 

disturbances in urban road networks. However, a possible drawback is that the methodological 

framework and the mathematical formulations have been designed by having in mind only the 

topology and the demand characteristics of the Athens testbed. 

Future research could therefore focus on the application of the methodological approach and 

the findings of the present research in other urban road networks. This is an important aspect 

because the current methodological framework, as well as the mathematical formulations 

derived from it, refer to the Athens testbed. Two (2) types of additional urban road networks 

should be considered: 1) urban road networks with similar topological and demand pattern 

characteristics, and 2) urban road networks with different topological and demand pattern 

characteristics. In the first case, a benchmarking of the methodological framework, as well as 

an examination of the predictive capabilities of the mathematical formulations presented in the 

current research could be achieved. In the second case, the use of urban road networks with 

different topological and demand pattern characteristics will allow for a benchmarking of the 

methodological framework, as well as for the further calibration of the mathematical 

formulations with new data.  

Future research could also focus on the development of an optimization framework which will 

make use of the mathematical formulations presented in the present research and will be able 

to identify the links of the network which should be recovered first, in order for the performance 

drop of an area under disruption to be minimized. Said optimization framework should also be 

able to propose Traffic Management Strategies for achieving this. The Traffic Management 

Strategies which would be proposed by the optimization framework will have the form of traffic 

control strategies and are expected to decrease the recovery time (increase recoverability) of 

the urban road network under any disturbance. Considering that the present Section aims at 

introducing a new metric which incorporates both topological and demand-related metrics, a 

stakeholders’ analysis shall also be implemented. Such an analysis will indicate the 

acceptability and usefulness of the methodology followed in the present research and the newly 

defined metric by traffic management authorities and stakeholders. Finally, it would be 

interesting to examine other resilience related metrics and further develop the proposed 

functions in order for a universal resilience metric, which will incorporate various resilience 

related metrics in its definition and mathematical expression, to be able to be proposed. 
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6 GENERIC NETWORK RESILIENCE AND 
MACROSCOPIC FUNDAMENTAL DIAGRAMS 

The present section aims to present and discuss the results of applying the methodological 

approach associated with the Operational level of the REACT framework (Figure 10). The three 

(3) main research questions that are addressed in the present section, through extensive 

simulations and statistical modelling, are the following: 

1. Can MFDs capture the performance drop occurred in an urban road network, due to a 

disturbance that leads to road closures? 

2. Can a rerouting TMS assist in mitigating the impact of road closures in the operational 

performance of urban road networks? 

3. What is the optimal radius for implementing a rerouting TMS, when road closures 

occur, for mitigating the performance drop in an urban road network? 

To effectively address the above questions, it is essential to first frame the conceptual problem 

this research seeks to tackle. Urban transportation networks are inherently complex systems, 

subject to dynamic fluctuations in demand and frequent exposure to disturbances such as road 

closures. Traditional traffic management approaches have largely focused on maintaining 

efficiency under average conditions, often neglecting how networks degrade and recover in 

response to disruptions. This creates a critical gap in our understanding of operational resilience 

- that is, the ability of a network not only to withstand an adverse event but also to restore its 

performance in a timely and efficient manner. Existing tools such as MFDs, although well-

established for representing aggregate traffic states, are underutilized when it comes to tracking 

time-dependent resilience phenomena. Most applications rely on static representations, 

overlooking the potential of MFDs to quantify the degradation and recovery trajectories that 

define resilient or vulnerable system behavior. Additionally, TMS including rerouting policies, 

are rarely examined in terms of their spatial effectiveness and operational limits during such 

disturbances. The present chapter responds to this conceptual shortfall by developing a 

simulation-based framework that bridges this gap, enabling the systematic evaluation of how 

different TMS implementations influence network-wide performance loss and recovery, as 

captured through MFDs and learning-based modeling techniques. 

6.1 Implementation 

In the framework of the research presented in this Chapter, a total of 243 microscopic 

simulations have been conducted in the Athens Testbed. All simulations have been executed for 

10 seeds and the average of all seeds per scenario is retrieved. For said simulations, the time 

step for collecting and analyzing results is 1 minute. First the baseline scenario is simulated. 

The results are stored and the MFD is plotted. The MFD follows the approach used in the 

relevant literature. Therefore, trip completion rate (vehicles per minute – veh/min) versus lane 

density (vehicles per lane per kilometer – veh/lane/km) is plotted. In Figure 36 the MFD for the 
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baseline scenario is illustrated, as well as the cumulative number of served vehicles per 

simulation timestep. 

 

 

Figure 36: Baseline scenario MFD (left), Cumulative served vehicles per simulated time (right). 

Next, a set of simulations is executed that refer to road closures in the Athens Testbed. In the 

present research, corridors of importance are selected. For the selected corridors upstream, 

downstream, and total closures are investigated. Additionally, simulated experiments which 

take into consideration disturbances that affect more than one selected corridor are investigated 

as well. After each simulation, the trip completion rate versus lane density and served vehicles 

per simulation timestep figures are illustrated. In these cases, the figures generated illustrate the 

event conditions versus the baseline scenario. 

To further enhance the present research and based on the relevant literature which highlights 

the importance of TMS towards mitigating the impact of events (Chalkiadakis, Kanavou, and 

Vlahogianni 2023), the impact of applying TMS in the cases of the road closures under 

investigation is further examined. At first, the impact of a road closure is investigated by 

executing a simulated experiment with only the road closure and no TMS application. 

Afterwards, a set of radii spanning from 50 to 500 meters, with a step of 50 meters, is utilized. 

For each of the road closures, and for a certain radius, in all the links of the network that fall in 

the radius and for all vehicles crossing the selected links, a rerouting TMS is applied. It is worth 

noting that in the case of radius equal to 0, no rerouting TMS is applied. 

The rerouting strategy followed is the standard rerouting implemented in the SUMO 

microscopic traffic simulator. Vehicles which would normally use one of the closed links will 

be assigned deterministically a new route as soon as they reach one of the closed links. The 

routing algorithm implemented in SUMO sets dynamically, based on the traffic flow conditions 

of the network at the given time, the new route of each vehicle with the additional constraint 

that closed links must be avoided. This is achieved by making use of Dijkstra’s path finding 

mechanism (Dijkstra, 1959). 

In Figure 37 the corridors and intersections of importance, which are iteratively closed in the 

present research, as well as some indicative rerouting TMS application radii (50, 250, and 500 

meters) are illustrated. 
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Figure 37: Corridors of importance (up) and intersections of importance (down) with indicative 

rerouting TMS implementation radii. 

6.1.1 Resilience-oriented ML to quantify performance drop 

An attempt to quantify the performance drop due to disturbances that affect either corridors or 

intersections in the Athens testbed, considering resilience-based metrics and characteristics of 

either the corridors or the intersections, is made in the present research. To this end, the 

following supervised ML techniques were examined: 1) Linear Regression, 2) Ridge 

Regression, 3) Lasso Regression, 4) Elastic Net, 5) Random Forest, 6) Gradient Boosting 

Decision Trees (GBDT), and 7) Deep Learning (Multilayer Perceptron - MLP). Said ML 

techniques are some of the most widely used in relevant literature. Additionally, those models 

seem able to perform well under the number of observations of the present research, and they 

can manipulate a high number of features for the given observations. MLP differentiates from 

the above, as it is highly effective for larger datasets. It is investigated, however, since it can 

capture intricate patterns and dependencies that simpler models might miss. 

The datasets used in both cases consist of data retrieved from the simulated scenarios, the LI 

values corresponding to each case, and other variables related to the topology of the affected 

elements of the urban road network. The dataset is split with an 80:20 ratio for train and test 

sets respectively, with Stratified Sampling (stratification) being ensured. Stratification is a 

sampling technique in which the population is subdivided into groups based on specific 

characteristics relevant to the problem before sampling. The samples are drawn from this group 

with ample sizes proportional to the size of the subgroup in the population and combined to 

form the final sample. The purpose is to ensure that all subgroups are represented proportionally 

in the final sample. Stratification is particularly useful when there are known variations within 

the population that could significantly impact the model results. Additionally, for each of the 

techniques, an initial set of hyperparameters is used. However, by using Grid and Randomized 

Search, hyperparameter tuning is achieved. Finally, the best model is selected considering the 

goodness-of-fit (R-squared value) and the Minimum Absolute Percentage Error (MAPE).  
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6.2 Results 

6.2.1 Corridor closures 

6.2.1.1 Impact of the corridor closures in the performance of the Athens Testbed 

Initially, the performance drop occurred by the corridor closures, and the various radii in which 

the rerouting TMS is applied, is presented. In Figure 38 selected plots illustrating the difference 

in the MFD and the cumulative served vehicles per time between each respective simulated 

scenario and the baseline scenario are presented. The radii selected for illustration purposes are 

0 (no rerouting TMS application), 50, 250, and 500 meters. 

 

 

Figure 38: Difference between the baseline scenario and other simulated experiments in the MFD 

(left) and the cumulative served vehicles per time (right) for corridor closures. 

6.2.1.2 Optimal rerouting TMS radius application 

In the present subsection, the outcome derived from analyzing the results of the simulated 

experiments after implementing a rerouting strategy in certain radius for all investigated road 

closures is presented. First, the results concerning only upstream or downstream road closures 

are discussed. In Figure 39, the average differences per radius in the cumulative number of 

served vehicles versus the time of the simulation are illustrated. It is worth noting that only the 

case with no rerouting TMS application, the case with the highest performance drop, and the 

case with the best performance gain are illustrated (radii of 0, 400 and 300 meters respectively). 
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Figure 39: Average Cumulative Served Vehicles per radius of applying the rerouting TMS in the 

case of upstream or downstream corridors closure. 

The same type of analysis has been executed in the case of road closures that might affect either 

a corridor at its whole (both upstream and downstream) or multiple corridors at the same time.  

In Figure 40, the average differences per radius in the cumulative number of served vehicles 

versus the time of the simulation are illustrated. As before, only the cases with no rerouting 

TMS application, with the highest performance drop, and with the best performance gain are 

illustrated (radii of 0, 500 and 450 meters respectively). Additionally, the plot is zoomed for 

better illustrating the existing differences. 

 

 

Figure 40: Average Cumulative Served Vehicles per radius of applying the rerouting TMS in the 

case of multiple corridors closure. 
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6.2.1.3 Resilience based urban road network performance estimation 

In the present subsection, the effort of developing a supervised ML model towards estimating 

the performance drop occurred by corridor closures in the Athens Testbed is presented. As 

mentioned above, various techniques are used and hyperparameter tuning is achieved in the 

initial set of parameters. In Table 13 the hyperparameters used per technique are presented and 

described. 

Table 13. Hyperparameters used per supervised ML technique for corridor closures. 

Methodology Hyperparameter Initial set of values Description 

Linear 

Regression 

N/A 

Ridge 

Regression 

alpha Five values 

logarithmically spaced 

between 0.01 and 100 

Regularization strength; 

larger values specify 

stronger regularization 

max_iter 15000 Maximum number of 

iterations 

Lasso 

Regression 

alpha Five values 

logarithmically spaced 

between 0.01 and 100 

Regularization strength; 

larger values specify 

stronger regularization 

max_iter 15000 Maximum number of 

iterations 

Elastic Net alpha Five values 

logarithmically spaced 

between 0.01 and 100 

Regularization strength; 

larger values specify 

stronger regularization 

l1_ratio Values from 0.1 to 0.9 The L1 and L2 penalties 

mixing parameter 

Random 

Forest 

n_estimators Values from 1 to 10 The number of trees in the 

forest 

max_depth Depth from 1 through 

10, plus 20 

The maximum depth of the 

tree 

min_samples_split Values from 10 to 20 The minimum number of 

samples required to split an 

internal node 

min_samples_leaf Values from 4 to 10 The minimum number of 

samples required to be at a 

leaf node 

max_features Square root of 

features, log₂ of 

features, or all 

features (None value) 

The number of features to 

consider when looking for 

the best split 

GBDT n_estimators Values from 1 to 20 The number of boosting 

stages to be run 

learning_rate Values from 0.1 to 0.2 

with a 0.01 step 

Shrinks the contribution of 

each tree by learning rate to 

prevent overfitting 
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Methodology Hyperparameter Initial set of values Description 

max_depth Depth from 1 through 

10, plus 20 

The maximum depth of the 

individual regression 

estimators 

min_samples_split Values from 2 to 10 The minimum number of 

samples required to split an 

internal node 

min_samples_leaf Values from 1 to 4 The minimum number of 

samples required to be at a 

leaf node 

subsample Values from 0.6 to 1 The fraction of samples used 

for fitting the individual 

base learners 

XGBOOST n_estimators Values from 1 to 20 Sets the number of boosting 

rounds (i.e., the total trees in 

the ensemble) 

learning_rate Values from 0.01 to 

0.1 

Shrinks the contribution of 

each tree by learning rate to 

prevent overfitting 

MLP hidden_layer_sizes (64, 32, 16), (128, 64, 

32), (100, 50, 25) 

Specifies the number and 

size of hidden layers in the 

neural network 

activation relu, tanh Specifies the activation 

function used in the hidden 

layers 

alpha Values from 0.001 to 

0.01 with a step of 

0.0001 

Regularization term (L2 

penalty) that helps prevent 

overfitting by penalizing 

large weights; higher alpha 

values increase the penalty 

for large weights, promoting 

simpler models 

learning_rate constant, adaptive Determines the strategy for 

updating the learning rate 

during training 

learning_rate_init 0.0001 or 0.001 Specifies the initial learning 

rate used by the optimizer; 

lower values can lead to 

slower but more stable 

convergence 

max_iter 100000 The maximum number of 

epochs the training will run 

 

The choice of the aforementioned supervised ML techniques was guided by their demonstrated 

ability to model nonlinear, high-dimensional relationships common in transport resilience 

contexts. These models are particularly effective in situations involving complex feature 

interactions and do not require strict distributional assumptions - a key advantage when dealing 
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with heterogeneous traffic and network performance data. Furthermore, their robustness to 

overfitting and capacity for variable importance analysis (e.g., via the SHAP summary plot or 

permutation importance) aligns with the research objective of identifying key resilience drivers. 

Prior studies have validated their use in transportation applications ranging from traffic flow 

prediction (Chalkiadakis & Vlahogianni, 2025b) to transport resilience (Cottreau et al., 2025). 

The developed model predicts the cumulative served vehicles area between the baseline 

scenario and the scenario with a road closure, hence the performance drop occurred in the 

network. The developed model takes as training input the performance drop (ὴὨ - either 

ὴᾨ  or ὴᾨ ), the radius for implementing the rerouting TMS, ὒὍ, mean hourly flow, 

and other metrics related to the topology of the closed corridors used in the simulated 

experiments. The variables used in the dataset are abstractly presented in Table 14. 

Table 14. Variables used as input of the supervised ML models for corridor closures. 

Variable name Description Type of variable 

Dependent variable 

ὴὨ The area formed between the cumulative served 

vehicles plots of the baseline scenario and each of 

the simulated experiments 

Numeric 

Independent variables 

radius The radius in which the rerouting TMS is applied 

(for radius = 0, no rerouting TMS is applied) 

Numeric 

li_corridor ὒὍ value Numeric 

mean_flow The average hourly traffic flow that crosses the 

corridors under investigation in the baseline 

scenario 

Numeric 

consecutive If the removed corridors are consecutive or not in 

the urban road network (in the case of single 

corridor removal, it is set as 2) 

Categorical 

bidi If the closure concerns bidirectional corridors or not 

(in the case of single corridor removal, it is set as 2) 

Categorical 

 

Additionally, we performed a preliminary check for multicollinearity. While multicollinearity 

is often discussed in the context of traditional regression models, it is equally relevant in ML. 

Many ML algorithms, such as linear regression, logistic regression, and support vector 

machines, can be adversely affected by multicollinearity. However, some algorithms like Tree-

Based Models, Lasso Regression, and Ridge Regression are more robust to multicollinearity. 

Since multiple models are to be developed and evaluated, multicollinearity is investigated 

through the correlation matrix and a Variance Inflation Factor (VIF) analysis. Such a discussion 

is of importance since some predictors may appear redundant due to multicollinearity.  

The correlation matrix for the independent variables is illustrated in Figure 41. The correlation 

matrix revealed no strong linear relationships (i.e., |r| > 0.85) between any feature pairs. The 

most notable moderate associations include the categorical variables stating if the closed 

corridors are bidirectional or not, and if the removed corridors are consecutive or not. This 



Generic Network Resilience and Macroscopic Fundamental Diagrams 

90 

result is expected, since those two aspects were considered independently; there was no case 

were both bidirectional and consecutive roads were considered as closed in our research. 

 

Figure 41: Correlation matrix of all independent variables used as input in the training of the 

supervised ML models for corridor closures. 

Additionally, VIF provides a measure of multicollinearity among the independent variables in 

a multiple regression model. The VIF values common threshold is 5; a VIF value greater than 

5 is often considered indicative of multicollinearity. In our dataset the highest VIF values are 

just over 3.2; this confirms the absence of multicollinearity, suggesting that each feature 

contributes unique and non-redundant information to the model. Therefore, all features were 

retained in the final model to preserve interpretability and predictive capacity. The VIF values 

are presented in Table 15. It should be noted that a constant is presented in the VIF values; such 

a constant is not included in the training of the supervised ML models, but this is the standard 

practice in regression diagnostics. 

Table 15. VIF values for all independent variables used as input in the training of the supervised 

ML models in the case of corridor closures. 

Feature Initial set of values 

Constant 38.33 

radius 1.00 
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Feature Initial set of values 

mean_flow 1.08 

ὒὍ 1.34 

bidi 3.10 

consecutive 3.22 

 

After ensuring that multicollinearity is absent for the independent variables of the dataset, we 

proceeded with developing the supervised ML model. All models were trained and evaluated 

using an 80/20 train-test split, where 80% of the dataset was used for model training and 20% 

was reserved for testing. To ensure the robustness of the results and avoid overfitting, a 5-fold 

cross-validation scheme was implemented on the training set. Within each fold, hyperparameter 

tuning was performed using both Grid Search and Random Search techniques, allowing for 

comprehensive exploration of the hyperparameter space. Final model performance was 

assessed exclusively on the unseen test set, and the metrics used to reflect true out-of-sample 

predictive accuracy are the R-squared value and the Mean Absolut Percentage Error (MAPE) 

metrics. This approach ensures that the models not only capture the relationships present in the 

training data but also generalize effectively to previously unseen network conditions, thereby 

supporting their use in resilience prediction and intervention planning. 

After examining each of the developed models and evaluating their goodness-of-fit, with the 

application of Grid and Randomized Search, the finally selected model is a Random Forest 

model with Grid Search for hyperparameter tuning. The tuned hyperparameters and the 

evaluation metrics (R-squared value and MAPE) for all developed best-performing supervised 

ML models are presented in Table 16. 

Table 16. R-squared and MAPE values for both Grid and Randomized Search tuned 

hyperparameters for all developed supervised ML models in the case of corridor closures. 

Model Hyperparameter Tuned value R-squared MAPE 

Linear Regression N/A 0.59 20.18% 

Ridge Regression 
alpha 10 

0.59 20.18% 
max_iter 15000 

Lasso Regression 
alpha 1 

0.59 20.18% 
max_iter 15000 

Elastic Net 
alpha 0.01 

0.59 20.20% 
l1_ratio 0.9 

Random Forest 

n_estimators 10 

0.83 13.18% 

max_depth 6 

min_samples_split 10 

min_samples_leaf 4 

max_features None 

GBDT 

n_estimators 20 

0.81 13.88% 

learning_rate 0.2 

max_depth 3 

min_samples_split 10 

min_samples_leaf 2 

subsample 1.0 

XGBoost 
n_estimators 20 

0.81 14.74% 
learning_rate 0.1 
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Model Hyperparameter Tuned value R-squared MAPE 

MLP 

hidden_layer_sizes (64, 32, 16) 

0.57 21.86% 

activation relu 

alpha 0.0001 

learning_rate constant 

learning_rate_init 0.0001 

max_iter 100000 

 

The final Random Forest model proves that ὒὍ with knowledge of the number of closed 

corridors, mean hourly traffic flow of the corridors in the baseline scenario, the radius in which 

the TMS is to be applied, and other characteristics of the closed corridors, manages to capture 

the dynamics of the road closures both in terms of demand and topology related impacts. This 

fact is evident from ὒὍ definition. Additionally, this finding is of importance since all ὒὍ-related 

metrics occurred after performing macroscopic simulations. That means that the definition of 

ὒὍ departs from the difference among macroscopic and microscopic simulations and has the 

capability to express the impact of a disturbance in the network in both levels of simulation 

detail. 

Concerning the goodness-of-fit of the selected model, the R-squared value is equal to 0.83 and 

MAPE is equal to 13.18%. Those values are considered good. Firstly, the R-squared value 

indicates good fitness on the outcome of the dependent variable. Then, MAPE is equal to 

13.18%; any value between 10-20% shows good forecast results (Lewis, 1982). 

Examining feature importance, at first the SHAP values were employed to interpret the 

predictions of the supervised learning models and identify the contribution of each input feature 

to the output. SHAP is grounded in cooperative game theory and builds upon the concept of 

Shapley values (Shapley, 1953), offering a rigorous method to fairly distribute the model 

prediction among input features. Unlike traditional feature importance techniques such as Gini 

importance or permutation-based ranking, SHAP provides local explanations - i.e., it attributes 

importance to each feature for each individual prediction - while also guaranteeing global 

consistency and additivity (Lundberg & Lee, 2017). This dual interpretability is essential in 

resilience studies, where practitioners must understand both system-wide and context-specific 

drivers of vulnerability and recovery dynamics. 

In this research, SHAP was used to quantify the influence of structural and demand-related 

variables on model predictions of resilience degradation under a wide range of disruption 

scenarios. This analysis enabled the identification of key resilience drivers that most 

significantly impacted the learned response of the model, allowing for targeted development of 

TMS. SHAP’s ability to account for nonlinear feature interactions and multicollinearity - 

common in transportation data - made it particularly suitable for the study’s supervised models, 

especially the tree-based ensemble methods such as GBDT and Random Forests. Its seamless 

integration with these models facilitated accurate and interpretable modeling of the generalized 

resilience index. 

SHAP values represent the marginal contribution of each feature to a specific prediction, 

computed by averaging over all possible coalitions of features. For each observation, a SHAP 

value answers the question: “how much does this feature increase or decrease the prediction 

compared to the average prediction across the dataset?” A positive SHAP value indicates that 

the feature contributes to higher predicted resilience loss (i.e., higher vulnerability or impact), 
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while a negative value indicates a mitigating or stabilizing influence. These individualized 

attributions are essential when assessing edge-level or node-level resilience within a transport 

network. 

Several SHAP-based illustrations were employed in this dissertation to visualize both global 

and local model behavior. SHAP summary plots rank the features by their mean absolute SHAP 

values and reveal the direction and magnitude of each feature's impact across all samples. 

Dependence plots illustrate nonlinear relationships between individual features and their 

corresponding SHAP values, capturing threshold effects and interactions (e.g., the non-

monotonic role of flow on resilience degradation). Where appropriate, force plots were used to 

decompose individual predictions and attribute them to feature contributions. These 

visualizations enhance transparency, support explainable model outputs, and provide valuable 

insights for decision-makers aiming to prioritize resilience-improving interventions. Figure 42 

below presents the SHAP values of the features. The color scale indicates the feature’s value 

and the x axis the SHAP value related to each predictor. 

 

 

Figure 42: SHAP values of all variables included in the final Random Forest model (corridor 

closures). 

The results illustrated in Figure 42 are interesting. The bidirectionality of the closed corridors 

appears to be the most influential feature for predicting performance drop. Especially if a 

bidirectional corridor is closed, the performance drop is significantly affected. Afterwards, ὒὍ 

is the second most influential feature. The statistical significance and SHAP-based relevance 

of ὒὍ in the subsequent analysis thus provide indirect validation of the consistency between 

macroscopic resilience constructs and microscopic performance outcomes. Nonetheless, the ὒὍ 

formulation assumes quasi-equilibrium flow and omits driver-level stochasticity; therefore, its 

transferability to micro-scale phenomena is subject to these conceptual boundaries. It is worth 

noting that higher ὒὍ tend to positively affect the performance drop occurred. Then, lower 

values have relatively lower impact on the performance drop; however, they still affect the final 

performance drop. The authors consider this finding as important, since it indicates that the 

impact of an event at a macroscopic scale is related to the impact expected to be caused in a 

microscopic level when the same road closures are investigated. 
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Afterwards, mean hourly flow that crosses the closed corridors in the baseline scenario is of 

importance. Slight changes in this feature, especially an increase in its values, affect the 

performance drop occurred. This finding is expected since high mean hourly flow crossing the 

affected corridors in the baseline scenario means that this flow is going to be disturbed and 

physically burden traffic flow in other areas of the network due to rerouting. For the radius of 

rerouting TMS application, the outcome that it is not such an important feature is of surprise. 

This is due to fact that the findings of the scenario analysis presented in the previous subsections 

prove that various radii lead to differences in the performance drop of an urban road network. 

Finally, the least important feature for performance drop estimation is if the closed corridors 

are consecutive or not. However, if consecutive, then performance drop seems to be highly 

affected. 

The SHAP point of view presented before is useful to interpret the feature importance of the 

final Random Forest model developed in the present research. However, they do not offer any 

interpretation concerning the interaction among the features of the Random Forest model. Thus, 

to get a better insight into the factors that influence the performance drop of an urban road 

network when applying a rerouting TMS in the case of road closures, we applied the 

permutation feature importance and partial dependence calculation interpretation method. 

Permutation feature importance is a metric of the decrease of the model’s accuracy, if the values 

of a variable are randomly permuted, while partial dependence is the mean value of the partial 

derivative for each variable, similar to a linear model’s coefficient. A high value of permutation 

importance means that the model’s accuracy depends a lot on the specific variable, while a high 

partial dependence value indicates that the specified variable has a significant effect on the 

model’s response magnitude (Fafoutellis et al., 2022). Said results are illustrated in Figure 43. 

 

 

Figure 43: Permutation importance and Mean Partial Dependence of independent variables for 

corridor closures. 
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The combined interpretation of SHAP values and the Permutation importance and Mean Partial 

Dependence (PDP) plot provides a coherent explanation of how each feature influences the 

performance drop. SHAP identifies bidirectionality ὒὍ as the dominant predictors, indicating 

that the model consistently attributes the largest positive contributions to these features when 

predicting higher degradation. The PDP plot, for bidirectionality, confirms this finding: closing 

a bidirectional corridor substantially increases the expected performance drop due to the 

simultaneous disruption of both directions and the resulting lack of directional redundancy. 

The PDP plot, for  ὒὍ, shows a clear monotonic rise, demonstrating that corridors with higher 

importance lead to disproportionately larger performance losses when disrupted. This trend 

mirrors the SHAP distributions, where high ὒὍ  values consistently exhibit strong positive 

SHAP contributions. The PDP plot for mean flow further indicates that corridors serving higher 

baseline demand induce higher congestion spillovers when removed, again consistent with 

SHAP patterns showing positive contributions for higher flow values. 

Finally, the PDP plot for the rerouting radius exhibits a concave pattern: performance improves 

as the radius increases up to an optimal value (≈300 m), beyond which benefits diminish. SHAP 

values similarly show that very small and very large radii both contribute positively to the 

predicted performance drop, signaling suboptimal rerouting influence. These convergent 

insights confirm that rerouting is effective only when applied within a meaningful spatial range 

and that the corridor importance, demand levels, and corridor characteristics jointly determine 

resilience outcomes. 

6.2.2 Intersection closures 

6.2.2.1 Impact of the intersection closures in the performance of the Athens Testbed 

Initially, the performance drop occurred by the intersection closures, and the various radii in 

which the rerouting TMS is applied, is presented. In Figure 44 selected plots illustrating the 

difference in the MFD and the cumulative served vehicles per time between each respective 

simulated scenario and the baseline scenario are presented. The radii selected for illustration 

purposes are 0 (no rerouting TMS application), 50, 100, and 500 meters. 

 



Generic Network Resilience and Macroscopic Fundamental Diagrams 

96 

 

Figure 44: Difference between the baseline scenario and other simulated experiments in the MFD 

(left) and the cumulative served vehicles per time (right) for intersection closures. 

6.2.2.2 Optimal rerouting TMS radius application 

In the present subsection, the outcome derived from analyzing the results of the simulated 

experiments after implementing a rerouting strategy in certain radius for all investigated road 

closures is presented. In Figure 45, the average differences per radius in the cumulative number 

of served vehicles versus the time of the simulation are illustrated. It is worth noting that only 

the cases with no rerouting TMS application and with the best performance gain are illustrated 

(radii of 0 and 100 meters respectively). This is because for all radii only performance gains 

are observed. 
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Figure 45: Average Cumulative Served Vehicles per radius of applying the rerouting TMS in the 

case of intersection closures. 

6.2.2.3 Resilience based urban road network performance estimation 

In the present subsection, the effort of developing a supervised ML model towards estimating 

the performance drop sourced in intersection closures in the Athens Testbed is presented. The 

same hyperparameters described in Table 13 are used per supervised ML technique. The 

developed model takes as training input the performance drop (ὴὨ ), the radius for 

implementing the rerouting TMS, ὒὍ, and other graph theoretic measures for the intersections 

under investigation. As also stated in the case of corridors closures, ὒὍ originates from 

macroscopic simulations, where they quantify the relative structural importance of corridors or 

intersections under steady-state traffic conditions. The inclusion of this variable within the 

microscopic ML framework enables the assessment of whether these macroscopic resilience 

indicators retain explanatory power when confronted with detailed, dynamic traffic 

interactions. The variables used in the dataset are abstractly presented in Table 17. 

Table 17. Variables used as input in the training of the supervised ML models. 

Variable name Description Type of 

variable 

Dependent variable 

ὴὨ  The area formed between the cumulative served 

vehicles plots of the baseline scenario and each of the 

simulated experiments 

Numeric 

Independent variables 

radius The radius in which the rerouting TMS is applied (for 

radius = 0, no rerouting TMS is applied) 

Numeric 
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li_intersection ὒὍ value Numeric 

degree_centrality The fraction of intersections the intersection under 

investigation is connected to 

Numeric 

closeness_centrality Ηow close an intersection is to all other intersections 

in the context of the network 

Numeric 

 

We then performed a preliminary check for multicollinearity. The correlation matrix for the 

independent variables is illustrated in Figure 46 and it revealed no strong linear relationships. 

Additionally, the VIF values are presented in Table 18. All VIF values are below the threshold 

of 5. 

 

 

Figure 46: Correlation matrix of all independent variables used as input in the training of the 

supervised ML models for intersection closures. 
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Table 18. VIF values for all independent variables used as input in the training of the supervised 

ML models in the case of corridor closures. 

Feature Initial set of values 

Constant 490.99 

radius 1.00 

ὒὍ 3.93 

degree_centrality 3.59 

closeness_centrality 2.16 

 

Afterwards, we proceeded with developing the supervised ML model. All specifications are 

similar to the ones used in the case of corridors’ closures. After examining each of the developed 

models and evaluating their goodness-of-fit, with the application of Grid and Random Search, 

the finally selected model is a GBDT model with Grid Search for hyperparameter tuning. The 

tuned hyperparameters and the evaluation metrics for all developed best-performing supervised 

ML models are presented in Table 19. 

Table 19. R-squared and MAPE values for both Grid and Randomized Search tuned 

hyperparameters for all developed supervised ML models in the case of intersection closures. 

Model Hyperparameter Tuned value R-squared MAPE 

Linear Regression N/A 0.40 51.13% 

Ridge Regression 
alpha 10 

0.40 52.29% 
max_iter 15000 

Lasso Regression 
alpha 100 

0.40 51.26% 
max_iter 15000 

Elastic Net 
alpha 1 

0.36 57.69% 
l1_ratio 0.5 

Random Forest 

n_estimators 10 

0.82 16.98% 

max_depth 5 

min_samples_split 10 

min_samples_leaf 4 

max_features None 

GBDT 

n_estimators 15 

0.83 17.93% 

learning_rate 0.2 

max_depth 3 

min_samples_split 10 

min_samples_leaf 4 

subsample 0.8 

XGBoost 
n_estimators 20 

0.78 21.66% 
learning_rate 0.1 

MLP 

hidden_layer_sizes (64, 32, 16) 

0.42 29.04% 

activation relu 

alpha 0.01 

learning_rate constant 

learning_rate_init 0.0001 

max_iter 100000 
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Concerning the goodness-of-fit of the selected model, the R-squared value is equal to 0.83 and 

MAPE is equal to 17.93%. Those values are considered good. Firstly, the R-squared value 

indicates good fitness on the outcome of the dependent variable. Then, MAPE value is 

considered as good since it is equal to 18% (values below 20% can be considered as good) 

(Lewis 1982). Additionally, Figure 47 below presents the SHAP values of the features. The 

color scale indicates the feature’s value and the x axis the SHAP value related to each predictor. 

 

 

Figure 47: SHAP values of all variables included in the final GBDT (intersection closures). 

It appears that ὒὍ is an important feature. It is worth noting that either relatively lower or 

higher ὒὍ values tend to positively affect the performance drop occurred. This finding 

indicates that the impact of an event at a macroscopic scale is related to the impact expected to 

be caused in a microscopic level when the same intersection closures are investigated. The 

inclusion of ὒὍ enables the assessment of whether these macroscopic resilience indicators 

retain explanatory power when confronted with detailed, dynamic traffic interactions. The 

statistical significance and SHAP-based relevance of ὒὍ in the subsequent analysis thus 

provide indirect validation of the consistency between macroscopic resilience constructs and 

microscopic performance outcomes. Nonetheless, the ὒὍ formulation assumes quasi-

equilibrium flow and omits driver-level stochasticity; therefore, its transferability to micro-

scale phenomena is subject to these conceptual boundaries. Then, closeness centrality appears 

to influence the performance drop in the case of intersection closures. Higher values of 

closeness centrality highly affect performance drop (leading to either higher or lower 

performance drop values) On the other hand, lower values of closeness centrality lead 

consistently to lower performance drop. Then, degree centrality appears to be the second least 

influential feature. High degree centrality values consistently lead to higher values of 

performance drop. Finally, the radius of TMS application is the least influential factor, as in the 

case of corridors closures. 

To better interpret the feature importance of the final GBDT model, Figure 48 illustrates the 

permutation feature importance versus Mean Partial Dependence diagram (Fafoutellis et al., 

2022). 
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Figure 48: Permutation importance and Mean Partial Dependence of independent variables for 

intersection closures. 

The combined interpretation of SHAP and PDP plots analyses for intersection closures reveals 

a clear and consistent feature hierarchy. The SHAP summary indicates that ὒὍ is the dominant 

predictor, with higher values leading to larger positive SHAP impacts. This means that 

intersections with high importance are associated with greater predicted performance losses 

when disrupted. The corresponding PDP plot confirms a strong positive mean partial 

dependence, verifying that the magnitude of the performance drop grows steadily with 

increasing ὒὍ. 

In contrast, both closeness and degree centrality exhibit smaller, predominantly negative SHAP 

values and partial dependence, implying that higher centrality tends to mitigate rather than 

amplify performance drop. These results suggest that intersections embedded in well-connected 

subgraphs can better absorb localized disruptions, whereas low-centrality intersections 

correspond to higher vulnerability. 

Finally, radius shows low SHAP magnitude and a weak negative partial dependence, suggesting 

that increasing the rerouting radius slightly reduces the predicted performance drop. These 

results suggest that, unlike in the corridors case, intersection-related disruptions do not produce 

a clear optimal TMS radius; instead, wider rerouting tends to offer marginal but consistent 

benefits. 

6.3 Findings Discussion 

The present Chapter addresses three (3) critical questions using a 2-step methodological 

framework. Said framework includes a series of macroscopic and microscopic simulation 

experiments in the Athens Testbed. The Athens Testbed is used at a macroscopic level in 

Aimsun traffic simulator (Aimsun, n.d.) and at a microscopic level at the SUMO microscopic 



Generic Network Resilience and Macroscopic Fundamental Diagrams 

102 

traffic simulator (Lopez et al., 2018). At first, a series of macroscopic simulations are 

conducted. The concept is that per each iteration one corridor or intersection is removed from 

the network and then LI is calculated (either for corridors or intersections). Afterwards, the 

results are collected and statistically analyzed by making used of supervised and unsupervised 

techniques. The analysis led to the interesting finding that the importance of a corridor and of 

an intersection can be quantified by having knowledge of the individual performance of the 

links included in them and of their number. 

Concerning microscopic simulations, the concept behind the simulations was that per each 

simulation, one or more corridors were closed and in various radii a rerouting TMS was applied. 

From the simulated experiments, all necessary data to investigate the MFDs were extracted and 

analyzed using supervised ML techniques. 

The analysis of the results proves the possibility of quantifying the performance drop occurred 

in an urban road network, due to road closures, by using the concept of MFDs. Such analysis 

of the results reveals also that the application of rerouting TMS, in the case of road closures, is 

not always beneficial towards restoring the performance of urban road networks. It seems, from 

the analyzed data, that higher radii are more likely to lead to a lesser performance drop. Finally, 

through examining various supervised ML techniques and applying hyperparameter tuning with 

Grid and Randomized Search, it appears that there is the possibility for the existence of a 

unifying ML model which predicts the performance drop of an urban road network by making 

use of resilience-related metrics, the radius in which a TMS is to be implemented, as well as 

the number of corridors to be closed. This finding seems important because it allows for Traffic 

Management Centers to be able to predict the impact of an event, which affects a certain area 

and leads to closures of certain corridors, thus giving them the ability to perform the necessary 

TMS for mitigating the impacts of disturbances in the operation of urban road networks. 

As future research, it would be of interest to investigate more TMS. This could lead in the 

formulation of a “TMS Sandbox” which, per scenario, will have the ability to propose the 

optimal TMS for reducing the performance drop of an urban road network. Future research 

could also focus on the application of the methodological approach and the findings of present 

research in other urban road networks. This will allow for benchmarking the methodological 

framework of the present research, as well as the examination of the predictive capabilities of 

the developed GBDT model and its further training with new data. Finally, it would be 

interesting to expand present research towards the development of an Adversarial 

Reinforcement Learning framework, with the capability to both investigate some worst-case 

scenarios which cannot be designed with more conservative means, and to propose innovative 

strategies for recovering such disturbances. 
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7 CONCLUSIONS 

7.1 Overview 

The work presented in this dissertation has revolved around the systematic investigation of 

resilience in urban road networks, with a particular emphasis on Athens as a representative case 

study. The research has been motivated by the recognition that resilience is an increasingly 

critical property for transport systems. Within this context, the dissertation developed, applied, 

and critically evaluated the REACT framework, a comprehensive tool designed to quantify, 

interpret, and enhance resilience in urban road networks through a structured and 

methodologically consistent approach. 

The REACT framework aimed at bridging the gap between theoretical concepts of resilience 

and their practical application in transport systems. It incorporates several complementary 

components: (i) the modelling of baseline traffic conditions to establish a reference state of 

network performance; (ii) the simulation of disruptions at both link and network level to capture 

the breadth of potential vulnerabilities; (iii) the use of resilience indicators, tailored to account 

for the multidimensional nature of resilience (robustness, absorptive capacity, adaptability, 

recovery); and (iv) the use of supervised learning methods, together with SHAP-based 

explanations, to predict scenario-level resilience losses from network and baseline conditions 

and to make the drivers of these predictions explicit. This integrated structure enabled the 

dissertation to not only assess how disruptions propagate through an urban road network but 

also to explore the mechanisms that facilitate or hinder recovery. 

In the empirical part of the dissertation, the REACT framework was implemented on the Athens 

road network using a detailed dataset that captured traffic patterns across a range of operating 

conditions. Through a set of disruption scenarios, the framework provided insights into both 

the systemic vulnerabilities of the network and the resilience-enhancing potential of adaptive 

management strategies. These scenarios illustrated how disruptions can generate cascading 

impacts, how the magnitude and location of an event determine the scale of resilience loss, and 

how specific interventions can contribute to faster or more effective recovery. Importantly, the 

case study revealed that resilience cannot be understood solely through static measures of 

performance degradation but must instead be seen as a dynamic process encompassing both 

immediate responses and longer-term adaptations. 

The dissertation also placed emphasis on the methodological validation of the framework. The 

incorporation of supervised learning to predict resilience outcomes from network descriptors 

and baseline traffic conditions, alongside the use of explainability methods such as Shapley 

Additive Explanations (SHAP), demonstrated how data-driven approaches can complement 

traditional traffic modelling. This integration enhanced the interpretability and robustness of 

the resilience analysis, offering a more transparent understanding of the factors that drive 

resilience outcomes. 

In summary, this dissertation contributes to the state of the art by offering a framework that not 

only evaluates resilience in a theoretically grounded and empirically rigorous manner but also 
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demonstrates how such analyses can inform transport planning and traffic management. The 

remainder of this chapter summarizes the main methodological and empirical contributions of 

the research, discusses its limitations in terms of both scope and methodology, and identifies 

promising directions for future research. 

7.2 Main Contributions and Innovation 

This dissertation has produced several contributions to both the methodological and empirical 

understanding of resilience in urban road networks. The novelty of the work lies in its ability 

to integrate resilience theory with transport system analysis through the development and 

application of the REACT framework, which provides a structured means of quantifying, 

interpreting, and enhancing resilience in practice. The main contributions are grouped into three 

domains: methodological, empirical, and practical/policy-oriented. 

7.2.1 Methodological Contributions 

From a methodological perspective, the dissertation puts forward the REACT framework, 

which structures the investigation of resilience within a bi-level architecture. At the strategic 

level, disruptions are formally defined and their potential network-wide effects are anticipated 

based on topology and demand characteristics. At the operational level, a systematic procedure 

is developed for simulating disruption scenarios, quantifying the resulting performance losses 

and interpreting the outcomes with transparent and data-driven techniques. This distinction 

between levels makes it possible to attribute effects clearly, while still maintaining continuity 

across the analysis. 

A central methodological element concerns the way resilience is quantified. The present 

dissertation adopts a network-level indicator derived from Macroscopic Fundamental Diagram 

(MFD) production curves, with resilience losses expressed as the area between the baseline and 

disrupted production. In this way, the assessment retains a direct physical meaning, since the 

metric captures the shortfall in served traffic relative to normal conditions, and at the same time 

offers a compact, reproducible and comparable measure across scenarios. 

The experimental design also represents a methodological contribution. By imposing 

disruptions of different type and scale, and by pairing them with alternative management 

settings, the analysis builds a structured experimental space which enables systematic 

comparisons and the identification of interaction effects. The emphasis placed on consistency 

of demand, clarity of intervention definition and replication across scenarios enhances internal 

validity and ensures that the observed differences are attributable to the underlying phenomena 

rather than to artefacts of the design. 

In addition, the dissertation demonstrates how data-driven modelling can serve as a supporting 

component of resilience analysis. Predictive models are employed to capture nonlinear 

relationships between network characteristics, baseline traffic states and resilience outcomes, 

while explainability techniques such as SHAP values provide a transparent account of the 

factors influencing these outcomes. Although the models themselves are not a contribution in 

algorithmic terms, their integration into the framework shows how interpretability can be 

embedded into resilience analysis to increase credibility and facilitate communication of 

results. 
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7.2.2 Empirical Contributions 

On the empirical side, the dissertation applies the REACT framework to the Athens 

metropolitan road network, a large and congested urban system with complex topology. 

Through the examination of a wide set of disruption scenarios, the study provides concrete 

evidence of how resilience manifests in practice and how it varies with the nature and location 

of the disturbance. The findings indicate that resilience losses cannot be explained solely by the 

severity of the disruption, but are strongly dependent on baseline traffic conditions and on the 

structural properties of the network. 

The analysis reveals that corridor-type disruptions propagate extensively through flow 

reallocation and secondary congestion, while localized node closures generate sharp 

bottlenecks whose effects depend on the position of the affected node within the network. This 

underlines the fact that different disruption typologies call for different management 

approaches, and demonstrates the inadequacy of generic, one-size-fits-all strategies. 

The study also quantifies the impact of traffic management settings on resilience outcomes. By 

systematically varying the spatial extent of rerouting and evaluating performance under 

consistent conditions, it becomes clear that the benefits of management interventions are 

context-dependent: in some cases small-scale adjustments suffice, whereas in others more 

extensive strategies are required to offset losses. This empirical insight is important because it 

translates the abstract notion of resilience into a set of operational trade-offs, relevant for both 

planning and operations. 

Finally, the empirical analysis, when combined with interpretable modelling, produces 

generalizable knowledge about the determinants of resilience. Baseline congestion levels 

emerge consistently as a critical factor, while network structural indicators play an important 

role in shaping outcomes in interaction with demand conditions. These regularities enrich the 

empirical understanding of how disruptions, demand and management interact to determine 

system-wide resilience. 

7.2.3 Practical and Policy Contributions 

In practical terms, the dissertation contributes a decision-support orientation that bridges 

analytical results with transport management needs. The REACT framework allows authorities 

to identify vulnerable network elements, estimate the expected magnitude of resilience losses 

under different scenarios, and evaluate the effectiveness of alternative management strategies. 

Because the resilience indicator is transparent and physically interpretable, it facilitates 

communication beyond technical audiences, enabling resilience considerations to be 

incorporated more easily into policy discussions. 

 

Moreover, the modular nature of the framework offers flexibility for gradual adoption. Agencies 

may use only the resilience indicator to benchmark interventions, or complement existing 

modelling workflows with explainability components to increase confidence in their outcomes. 

By framing resilience as an anticipatory property that can be tested and compared ex ante, the 

dissertation shifts the emphasis from reactive incident management towards proactive resilience 

planning. 
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7.2.4 Synthesis of Contributions 

In summary, the contributions of the dissertation can be synthesized as follows. Conceptually, 

resilience is treated as a quantifiable and comparable property of the transport system rather 

than an abstract quality. Methodologically, the REACT framework integrates disruption design, 

simulation and a production-curve-based indicator in a structured and replicable manner, while 

demonstrating the added value of interpretable modelling. Empirically, the Athens case study 

shows how resilience depends jointly on baseline states, network structure and management 

actions, generating insights that extend beyond the local context. Practically, the framework 

translates resilience into a decision-support tool, equipping transport authorities with the means 

to test strategies, anticipate system-wide effects and communicate evidence-based 

recommendations. In combination, these contributions advance the state of the art and provide 

a coherent pathway for investigating the resilience of urban transport networks. 

7.3 Limitations 

While the REACT framework and its application provided a novel perspective on transport 

network resilience, the dissertation is not exempt from certain limitations. These do not negate 

the contributions, but rather delineate the boundaries within which the results should be 

interpreted. Identifying these boundaries is essential, since resilience research deals with 

inherently complex and uncertain systems, where simplifications and assumptions are 

unavoidable. 

7.3.1 Methodological Limitations 

From a methodological standpoint, the present dissertation adopted a structured and transparent 

approach to the quantification of resilience in urban road networks. The core indicator—derived 

from the area between cumulative production curves of the baseline and disrupted states—was 

designed to balance interpretability, comparability, and analytical robustness. However, such 

methodological clarity comes at a cost. By operating primarily at the macroscopic level, the 

indicator inevitably conceals a number of finer-grained dynamics that may be equally relevant 

to resilience. Localised bottlenecks, spatial disparities between central and peripheral areas, and 

heterogeneous impacts across user groups are aggregated into a single performance measure. 

As a result, while the adopted framework is well-suited for system-level comparisons and 

scenario benchmarking, it cannot fully capture the micro-scale inequalities or distributional 

aspects of disruption impacts. 

Another methodological limitation concerns the design of the disruption experiments 

themselves. The study deliberately employed stylised scenarios—ranging from link and 

corridor closures to targeted management interventions—so as to ensure clarity in attributing 

observed effects to specific causes. Yet, in reality, disruptions are rarely as cleanly defined. 

Many incidents evolve over time, with capacities degrading progressively or management 

measures being deployed in stages. Moreover, disruptions often occur in compound or 

cascading forms: a closure can trigger secondary congestion elsewhere in the network, while 

simultaneous events may interact in non-linear ways. The methodological choice to isolate and 

standardise scenarios, though necessary for scientific comparability, reduces the ability to 

reflect these compound realities. 
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Furthermore, the methodological framework privileged a short- to medium-term horizon for 

evaluation, focusing on immediate degradation and recovery patterns in production. Long-term 

adaptations, such as changes in travel behavior, relocation of activity patterns, or investment in 

infrastructure resilience, were outside the analytical frame. This temporal boundary was 

essential to maintain computational feasibility and to align the evaluation with the time scales 

at which traffic management decisions are most critical. Nonetheless, it restricts the analysis to 

acute phases of disruption and leaves broader resilience dynamics unexplored. 

Finally, while the methodology incorporated robustness checks and consistency validations, the 

outcomes remain inherently dependent on the chosen metrics and on the framing of resilience 

as performance loss and recovery. Alternative perspectives like transport equity could offer 

complementary insights into the resilience of the system. 

7.3.2 Data-Related Limitations 

A critical set of limitations in this dissertation stems from the nature and availability of the 

datasets that were employed. Although the study made use of diverse traffic and travel data 

sources, their scope, granularity, and consistency inevitably placed restrictions on the depth and 

generality of the analysis. 

First, the availability of high-resolution traffic data, particularly in terms of coverage across all 

links and modes of the network, was constrained. The datasets used largely relied on sensor-

based and floating-car information, which, while reliable, are unevenly distributed in space and 

time. Several parts of the network remained underrepresented, making it necessary to 

interpolate or aggregate information to maintain analytical coherence. This approach may have 

diluted localized fluctuations in congestion and reduced the ability to capture extreme, low-

frequency events that nonetheless contribute significantly to network vulnerability. 

Second, the data spanned specific time horizons and traffic conditions that, although extensive, 

cannot fully represent the spectrum of long-term urban traffic dynamics. For instance, the 

effects of unusual events such as strikes, severe weather, or cascading multi-incident disruptions 

were underrepresented. As resilience is, by definition, a multi-scenario property, the lack of 

such extraordinary cases may have led to conservative estimates of the system’s adaptive 

capacities. 

Third, issues of data harmonization were particularly challenging. For the proper use of traffic-

related data, pre-processing and filtering are required to resolve missing values, inconsistencies, 

and misaligned temporal scales. While careful cleaning procedures were implemented, there 

remains an inherent risk of introducing errors in the final datasets used, which might affect the 

statistical reliability of the results. Moreover, the absence of standardized resilience indicators 

across datasets limited the comparability of findings with other cities or studies. 

7.3.3 Modeling Assumptions 

Beyond data-related issues, this dissertation is also subject to limitations stemming from the 

modeling assumptions embedded in the analytical and methodological frameworks. While the 

REACT framework was designed to capture resilience in a structured and systematic way, its 

implementation necessarily involved simplifying assumptions that may influence both the 

accuracy and generality of the results. 
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First, the mathematical formulations of resilience indicators relied on established traffic flow 

and performance relationships, many of which assume quasi-stable conditions. For example, 

the use of macroscopic performance metrics presupposes that aggregate system behavior can 

sufficiently represent localized variations. While this approach enables tractable analysis at the 

city-wide scale, it inevitably abstracts away the heterogeneity of driver behaviors, vehicle 

interactions, and modal dynamics that shape resilience at a finer resolution. 

Second, the simulation-based experiments undertaken to validate resilience scenarios required 

controlled assumptions about disruption characteristics and recovery patterns. Disruptions were 

parameterized in terms of location, severity, and duration, yet the inherently stochastic and 

interdependent nature of real-world events was only partially captured. This controlled 

approach allowed for systematic comparisons but may underestimate emergent or cascading 

effects that arise from multiple, simultaneous failures across the network. 

Third, the supervised machine learning models employed for scenario-level resilience 

prediction involved assumptions about feature relevance, independence, and stationarity. 

Although advanced methods such as feature importance analysis and SHAP explanations were 

incorporated to mitigate interpretability risks, the models are still bounded by their training data 

and cannot fully anticipate structural changes in mobility behavior. Assumptions regarding 

feature stability over time may therefore limit the generalizability of predictive outcomes in 

contexts that undergo rapid technological or behavioral transformations (e.g., widespread 

adoption of autonomous vehicles or new mobility services). 

Finally, the resilience framework placed particular emphasis on network-level indicators, such 

as capacity degradation and recovery rates. While these measures are well established in 

resilience research, they represent only part of the broader resilience spectrum, which also 

includes institutional adaptability, user perception, and equity considerations. By focusing 

primarily on transport system functionality, the dissertation necessarily adopted a system-

centric view of resilience that may underrepresent human-centric dimensions of resilience. 

7.3.4 Empirical and Practical Limitations 

In addition to data-related and modeling limitations, a set of empirical and practical challenges 

also constrained the scope and applicability of this research. These limitations are largely 

associated with the translation of theoretical insights into real-world planning and operational 

contexts. 

First, the empirical validation of resilience indicators was constrained by the limited availability 

of longitudinal case studies. Although the dissertation tested the REACT framework on the 

Athens urban road network via a designed set of disruption scenarios, the absence of repeated, 

long-term empirical observations across different cities/use cases limited the ability to 

generalize findings. The evaluation of resilience in practice requires extensive, multi-year 

monitoring of system performance under varying stress conditions, something that remains 

difficult to achieve given current data collection and resource constraints. 

Second, the implementation of resilience assessment tools in real-world settings depends 

heavily on institutional, technical, and policy factors that go beyond the scope of this 

dissertation. For instance, transport authorities may face barriers in accessing or sharing high-

resolution mobility data, particularly where governance structures are fragmented. Similarly, 

institutional inertia and limited technical expertise can hinder the adoption of advanced 
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analytical methods such as machine learning or network resilience metrics in day-to-day traffic 

management. While the REACT framework offers methodological clarity, its 

operationalization in practice requires institutional coordination and capacity building that 

remain outside the control of academic research. 

Third, resilience-oriented planning often involves trade-offs with other urban mobility 

objectives, such as efficiency, environmental sustainability, and equity. The dissertation 

deliberately focused on the functional dimension of resilience (the capacity of networks to 

withstand and recover from disruptions) yet real-world policy decisions must balance this with 

competing priorities. For example, strategies that improve resilience by reinforcing critical 

network links may inadvertently create inequities if peripheral or underserved areas receive less 

attention. Such multi-dimensional trade-offs were not explicitly modeled, but they represent an 

important practical limitation in translating research findings into actionable policies. 

Finally, the practical implementation of the proposed approaches may be constrained by 

computational complexity and resource requirements. The estimation of resilience indicators at 

scale, the training of machine learning models, and the simulation of multiple disruption 

scenarios are computationally intensive processes. While feasible in a research setting, their 

integration into real-time or near real-time traffic management systems remains challenging. 

This gap underscores the need for streamlined computational frameworks and more efficient 

algorithms to support practical uptake. 

7.3.5 Summary of Limitations 

The limitations identified in this dissertation span across multiple dimensions, and collectively 

highlight the boundaries within which the findings should be interpreted. 

From a data perspective, limitations arose from restricted coverage, uneven temporal and spatial 

resolution, and the absence of standardized resilience indicators. While rigorous pre-processing 

and harmonization techniques were applied, the inherent imperfections in the data may have 

constrained the robustness of results and their comparability across different contexts. 

In terms of modeling assumptions, simplifications embedded in both network-based resilience 

metrics and the applied machine learning models introduced restrictions. By necessity, these 

methods reduced the complexity of real-world dynamics into manageable analytical constructs. 

While these abstractions enabled rigorous and tractable analysis, they may have overlooked 

latent behavioral, multimodal, or interdependent factors influencing resilience outcomes. 

The empirical limitations further underscore the lack of long-term, repeated case studies across 

diverse urban contexts. The dissertation demonstrated the feasibility of resilience measurement 

and analysis but relied on datasets with constrained scope and temporal horizons. Consequently, 

the ability to generalize findings across cities or to capture resilience under rare, high-impact 

disruptions remains limited. 

Finally, practical limitations emerged from institutional, computational, and policy-related 

factors. The transition from methodological innovation to real-world application requires 

accessible data-sharing mechanisms, technical capacity within agencies, and computationally 

efficient tools that align with operational needs. Moreover, resilience-enhancing strategies must 

ultimately be evaluated alongside broader policy objectives, such as equity and sustainability, 

which were not explicitly addressed in this work. 
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Taken together, these limitations do not undermine the contributions of the dissertation but 

rather delineate the space within which its conclusions are valid. They also provide a valuable 

foundation for identifying concrete directions for future research and development, ensuring 

that subsequent efforts can progressively overcome the identified barriers. 

7.4 Future Research Directions 

Building on the findings and limitations of this dissertation, several promising avenues for 

future research can be identified. These directions extend across methodological, data-related, 

modeling, empirical, and practical domains, and collectively form a roadmap for advancing the 

study of urban road network resilience. 

7.4.1 Generalizability 

A key direction for future research is the application of the proposed framework to additional 

urban road networks beyond the one analyzed in this dissertation. Testing the methodology in 

cities of different scales, topologies, and mobility patterns would provide valuable insights into 

its transferability and robustness. Comparative analyses could reveal how network geometry, 

density, and multimodal interactions influence resilience outcomes and whether common 

structural properties can be identified across contexts. Applying the framework to networks 

subject to different disruption profiles, such as recurrent congestion, extreme weather events, 

or large-scale planned interventions, would further broaden the understanding of resilience in 

diverse operational environments. Such extensions would not only validate the generalizability 

of the framework but also support its use as a benchmarking tool for practitioners and 

policymakers in multiple urban settings. 

7.4.2 Integration with Advanced Modeling Approaches 

Another promising avenue for future research involves the integration of the REACT 

framework with advanced modeling approaches in transportation systems analysis. While this 

dissertation primarily relied on supervised machine learning and network-based resilience 

indicators, there is significant potential in exploring hybrid approaches that combine traditional 

traffic flow theory with data-driven methods. For example, incorporating dynamic traffic 

assignment models or agent-based simulations could allow for a more detailed representation 

of traveler behavior under disruption, thereby enriching the explanatory depth and predictive 

capacity of resilience assessments. 

Moreover, advances in artificial intelligence, such as reinforcement learning and graph neural 

networks, present opportunities to capture complex spatiotemporal dependencies in network 

performance and to design adaptive traffic management strategies that respond in real time to 

evolving conditions. The fusion of such approaches with the current framework could enable a 

deeper understanding of how resilience manifests not only at the macroscopic but also at the 

mesoscopic and microscopic levels of urban mobility. These integrations would strengthen the 

explanatory power of the framework and enhance its capacity to inform both operational 

decision-making and long-term planning for resilient transport systems. 
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7.4.3 Policy and Planning Integration 

A further direction for future research lies in embedding the REACT framework more explicitly 

within the policy and planning process of urban mobility systems. This dissertation has 

demonstrated the value of resilience-oriented metrics and data-driven analysis for 

understanding vulnerabilities and adaptive capacities in transport networks. However, 

translating these insights into actionable policies remains a challenge that warrants systematic 

investigation. 

Future research could explore how resilience indicators can be embedded within strategic 

transport planning frameworks, guiding infrastructure investment, prioritization of network 

enhancements, and evaluation of alternative mobility policies. This would require aligning 

resilience metrics with broader policy objectives, such as sustainability, accessibility, and 

equity, ensuring that resilience does not remain an isolated concept but rather forms part of a 

comprehensive vision for urban mobility. 

Another crucial area involves assessing the institutional and governance dimensions of 

resilience planning. Research could examine how different stakeholders, including 

municipalities, transport authorities, and private mobility providers, can incorporate resilience-

based approaches in their decision-making processes. Establishing structured methodologies 

for incorporating resilience evaluations into multi-criteria decision analysis (MCDA) or cost-

benefit analyses could further bridge the gap between technical assessments and practical policy 

adoption. 

Finally, resilience-based frameworks should be tested against real-world planning case studies, 

where urban road networks undergo interventions such as new infrastructure deployment, 

regulatory reforms, or the introduction of innovative mobility services. Embedding resilience 

in these contexts would provide concrete evidence of its added value, thereby reinforcing its 

legitimacy as a planning and policy tool. 

7.4.4 Technological Innovations and Smart Mobility Applications 

Another promising avenue for future research concerns the integration of technological 

innovations and smart mobility applications into resilience assessment frameworks. Urban 

transport systems are rapidly evolving with the introduction of connected and automated 

vehicles (CAVs), Mobility-as-a-Service (MaaS) platforms, real-time traffic management 

systems, and advanced sensing technologies. These developments create both opportunities and 

challenges for the resilience of urban road networks. 

On the one hand, technologies such as vehicle-to-everything (V2X) communication and 

intelligent traffic signal control have the potential to enhance adaptability and reduce the 

propagation of disruptions. For example, real-time rerouting based on predictive analytics can 

mitigate localized congestion and accelerate recovery following incidents. Research could 

extend the proposed methodologies by examining how resilience metrics evolve under different 

adoption scenarios of such technologies, identifying both benefits and potential risks, such as 

increased system complexity or vulnerability to cyber-attacks. 

On the other hand, the diffusion of smart mobility services such as ride-hailing, shared 

micromobility, and demand-responsive transport may alter traffic dynamics in ways not yet 

fully captured by existing resilience frameworks. Future work could investigate how these 

services interact with traditional road traffic and whether they contribute to or detract from 
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systemic robustness. This would involve incorporating multimodal data into resilience 

assessments and developing models capable of capturing interdependencies between different 

mobility layers. 

Furthermore, technological advances in data collection, including high-resolution floating car 

data, connected sensor networks, and artificial intelligence-driven monitoring platforms, could 

enable more granular and dynamic assessments of resilience. Exploring how such tools can be 

systematically integrated into real-time resilience evaluation pipelines remains an important 

research frontier, with implications not only for analysis but also for proactive traffic 

management and decision support. 

7.4.5 Theoretical and Methodological Advances 

Finally, future research should also focus on advancing the theoretical and methodological 

foundations of resilience analysis in transport networks. Although the present dissertation 

proposed a coherent and structured framework for evaluating resilience, several aspects of the 

theory remain open to refinement. 

First, there is a need to further formalize the concept of resilience in transport studies. While 

resilience has been defined and measured here through a combination of performance 

degradation, recovery dynamics, and system adaptability, the academic community has not yet 

reached a consensus on a unified definition or set of indicators. Establishing such a shared 

foundation would strengthen the comparability of results across studies and enhance the policy 

relevance of resilience metrics. 

Second, methodological improvements could address the integration of uncertainty and 

stochasticity into resilience modeling. Urban road networks are inherently uncertain systems, 

and disruptions often unfold in unpredictable ways. Enhancing resilience frameworks with 

probabilistic approaches, such as stochastic optimization, uncertainty quantification, or 

Bayesian inference, could provide more robust insights into how transport networks behave 

under extreme or unforeseen conditions. 

Third, there is significant potential in linking resilience analysis with emerging machine 

learning methodologies. While this dissertation demonstrated the applicability of supervised 

learning and interpretable models for resilience estimation, further work could explore how 

reinforcement learning, graph neural networks, or hybrid physics-informed ML models might 

capture system dynamics more effectively. Such approaches may allow for not only descriptive 

or predictive resilience analysis, but also prescriptive insights for optimal recovery strategies 

and control interventions. 

Lastly, methodological advances could strengthen the bridge between micro-level traffic 

modeling and macro-level resilience evaluation. Combining agent-based simulations with 

system-wide resilience indicators would allow for more nuanced explorations of user behavior, 

adaptive routing, and network-level outcomes. This multiscale integration remains a promising 

but underdeveloped research direction. 
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