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Κεφάλαιο 1

Εισαγωγή

Σκοπός της διδακτορικής διατριβής είναι να εμπλουτίσει και να επεκτείνει υπάρ-
χουσες μεθόδους (και λογισμικό) βελτιστοποίησης το οποίο βασίζεται στους εξελι-
κτικούς αλγορίθμους (ΕΑ). Στόχος του νέου λογισμικού είναι, όταν αυτό χρησιμο-
ποιείται σε πραγματικά μεγάλης κλίμακας προβλήματα της βιομηχανίας, να μειώνεται
σημαντικά ο χρόνος ολοκλήρωσης του έργου, κάνοντας τη διαδικασία σχεδιασμού-
βελτιστοποίησης ελκυστική για χρήση σε βιομηχανικό περιβάλλον. Οι προτεινόμενες
μέθοδοι και το προγραμματισθέν λογισμικό εφαρμόζονται σε ένα φάσμα εφαρμογών
σχεδιασμού-βελτιστοποίησης στις στροβιλομηχανές, θερμικές και υδροδυναμικές, οι
περισσότερες από τις οποίες είναι βιομηχανικού ενδιαφέροντος.

Σε επίπεδο λογισμικού, οι προτεινόμενες μέθοδοι υλοποιούνται εντασσόμενες
στο γενικής χρήσης λογισμικό βελτιστοποίησης EASY (Evolutionary Algorithm
SYstem), της Μονάδας Παράλληλης Υπολογιστικής Ρευστοδυναμικής & Βελτιστο-
ποίησης του Εργαστηρίου Θερμικών Στροβιλομηχανών του ΕΜΠ (ΜΠΥΡ&Β/ΕΘΣ),
(23, 25, 32, 36). Εκμεταλλεύονται προϋπάρχουσες δυνατότητες του λογισμικού
EASY, στις οποίες συμπεριλαμβάνονται η «έξυπνη» χρήση τεχνητών νευρωνικών δι-
κτύων (ως μεταπροτύπων, δηλαδή προσεγγιστικών προτύπων αξιολόγησης χαμηλού
κόστους, υποκατάστατων του ακριβούς αλλά και ακριβού λογισμικού υπολογιστικής
ρευστοδυναμικής, ΥΡΔ – αλγόριθμος MAEA: Metamodel-Assisted EA), σχήματα
κατανεμημένης ανίχνευσης του χώρου των λύσεων μέσω ΕΑ (DEA: Distributed
EA), ιεραρχικά ή πολυεπίπεδα σχήματα βελτιστοποίησης, υβριδισμός με μεθόδους
βελτιστοποίησης διαφορετικές των ΕΑ αλλά και η χρήση πολυεπεξεργασίας. Κα-
λύπτουν δε προβλήματα μονοκριτηριακής ή πολυκριτηριακής βελτιστοποίησης, με ή
χωρίς περιορισμούς.
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1. Εισαγωγή
1.1 Συνεισφορά της διατριβής

Σε σχέση με την προαναφερθείσα υποδομή, η συνεισφορά της διατριβής εντο-
πίζεται κυρίως στα παρακάτω τρία σημεία:
α) Προτείνεται και πιστοποιείται μια πρωτότυπη διαδικασία σχεδιασμού στροβι-

λομηχανών ή συνιστωσών αυτών, η οποία βασίζεται σε ένα μικρό αριθμό διαθέσιμων
αρχειοθετημένων παρόμοιων σχεδιασμών υψηλής ποιότητας. Οι τελευταίοι θεωρείται
ότι αποτελούν δοκιμασμένες υπάρχουσες λύσεις σε συναφή προβλήματα τα οποία,
συνήθως, αφορούν λειτουργία σε λίγο διαφορετικές συνθήκες. Πάντως, ουδόλως
υπονοείται ότι οι χρησιμοποιούμενοι αρχειοθετημένοι σχεδιασμοί, για τις δικές τους
συνθήκες λειτουργίας, είναι βέλτιστοι (με την αυστηρή έννοια του όρου). Η προτει-
νόμενη διαδικασία θα αναφέρεται ως Knowledge Based Design ή KBD. Η διαδικασία
KBD επιχειρεί να δώσει απάντηση στον ενδοιασμό των μηχανικών της βιομηχανίας
για το αν κάθε νέος σχεδιασμός πρέπει να ξεκινά «από το μηδέν» ή μπορεί να στη-
ριχθεί στην υπάρχουσα εμπειρία. Για την εφαρμογή της μεθόδου KBD, πρέπει αρ-
χικά να απομονωθεί ένα μικρό σύνολο «συναφών» σχεδιασμών του παρελθόντος. Αν
λ.χ. το τρέχον πρόβλημα αφορά στο σχεδιασμό μιας στροβιλομηχανής σε συνθήκες
«Α», με στόχους «Β» και περιορισμούς «Γ», το σύνολο αυτό μπορεί να αποτελείται
από ένα (συνήθως μονοψήφιο) αριθμό στροβιλομηχανών που έχουν σχεδιαστεί στο
παρελθόν και ήδη λειτουργούν με καλή απόδοση σε συνθήκες διαφορετικές μεν, πλη-
σίον δε των «Α», για ίδια ή περίπου ίδια με τα «Β» κριτήρια απόδοσης («στόχους»
στην ορολογία των μεθόδων βελτιστοποίησης) και ικανοποιούν περιορισμούς περισ-
σότερο ή λιγότερο συναφείς με τους «Γ». Ο τρόπος επιλογής του συνόλου των
απαραίτητων «συναφών» σχεδιασμών, οι οποίοι πλέον θα αποκαλούνται «σχεδια-
σμοί βάσης», δεν εμπίπτει στα ενδιαφέροντα της διατριβής. Επίσης, σε αυτά δεν
εμπίπτει η διαδικασία ενιαίας παραμετροποίησης των σχεδιασμών βάσης σε τρόπο
συμβατό με το προς υλοποίηση πρόβλημα σχεδιασμού. Για την περίπτωση που αυτή
δεν υφίσταται, επισημαίνεται ότι αυτή μπορεί να υλοποιηθεί με πολλούς τρόπους.
Η διατριβή προτείνει ένα νέο μαθηματικό τρόπο διατύπωσης του προβλήματος του
νέου σχεδιασμού συναρτήσει των σχεδιασμών βάσης. Ο τρόπος αυτός παρακάμπτει
ουσιαστικά την παραμετροποίηση της σχεδιαζόμενης γεωμετρίας, η οποία εκ των
πραγμάτων μπορεί να εισάγει εκατοντάδες βαθμούς ελευθερίας, με αποτέλεσμα να
καθυστερεί η σύγκλιση της βασισμένης στους ΕΑ μεθόδου βελτιστοποίησης. Αντ’
αυτών, εισάγεται ένα μικρό πλήθος νέων μεταβλητών σχεδιασμού (θα ονομάζονται
μεταβλητές βελτιστοποίησης ώστε να υπάρχει διάκριση με τις προηγούμενες) και
καθορίζονται περιοχές μεγαλύτερης σημαντικότητας, με όφελος την αισθητή μείω-
ση του χρόνου βελτιστοποίησης. Επιπλέον σημαντικό κέρδος από τη νέα παραμε-
τροποίηση αποτελεί το ότι τα όρια των νέων μεταβλητών σχεδιασμού προκύπτουν
εύκολα, ουσιαστικά «αυτόματα» και χωρίς παρέμβαση του χρήστη. Η προτεινόμενη
μέθοδος, αφού προγραμματίστηκε και εντάχθηκε στο λογισμικό EASY, χρησιμοποι-
ήθηκε για το σχεδιασμό στροβιλομηχανών επιφέροντας κέρδος μιας τάξης μεγέθους
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1.1 Συνεισφορά της διατριβής
σε υπολογιστικό χρόνο για την επίτευξη παρόμοιας ποιότητας σχεδιασμών.
β) Προτείνεται μέθοδος επίλυσης προβλημάτων βελτιστοποίησης που χαρακτη-

ρίζονται απο μη-διαχωρίσιμες (ως προς τις μεταβλητές σχεδιασμού) συναρτήσεις
κόστους ή καταλληλότητας, με μεγάλο αριθμό μεταβλητών σχεδιασμού. Αυτά θα ο-
νομάζονται «κακώς-τοποθετημένα» προβλήματα βελτιστοποίησης και η αντιμετώπιση
τους μέσω ΕΑ οδηγεί, σχεδόν πάντα, σε πολύ χρονοβόρους υπολογισμούς. Η προτει-
νόμενη μέθοδος υλοποιείται επεμβαίνοντας κατάλληλα στον τρόπο που εφαρμόζονται
οι τελεστές εξέλιξης. Αυτό επιτυγχάνεται μέσω της δυναμικά (δηλαδή, σε κάθε γε-
νιά) ανανεούμενης επαναδιατύπωσης του προβλήματος βελτιστοποίησης, ώστε ο ΕΑ
να χειρίζεται, κατά το δυνατό, προβλήματα των οποίων η συνάρτηση-στόχος να είναι
διαχωρίσιμη ως προς τις μεταβλητές σχεδιασμού. Ο λόγος που μια τέτοια αντιμετώπι-
ση επιφέρει μείωση στο χρόνο επίλυσης ενός προβλήματος βελτιστοποίησης είναι ότι
οι ΕΑ, εκ φύσεως, κερδίζουν σημαντικά σε ταχύτητα όταν χειρίζονται προβλήματα
ελαχιστοποίησης διαχωρίσιμων συναρτήσεων-στόχων. Αυτό οφείλεται στο ότι κάθε
πρόβλημα ελαχιστοποίησης μιας διαχωρίσιμης συνάρτησης (Ν σε πλήθος μεταβλη-
τών) μπορεί ιδεατά να αντιμετωπιστεί ως Ν διακριτά προβλήματα ελαχιστοποίησης
κατάλληλων συναρτήσεων μιας μεταβλητής, με συνολικά μικρότερο υπολογιστικό
κόστος. Αυτό εκμεταλλεύεται η προτεινόμενη μέθοδος. Προαπαίτηση για την υλο-
ποίησή της είναι η αυτόματη μετατροπή του πραγματικού προβλήματος σε πρόβλημα
διαχωρίσιμων μεταβλητών, στο βαθμό που αυτό είναι εφικτό. Αυτό πραγματοποιείται
με τη μέθοδο Ανάλυσης σε Κύριες Συνιστώσες (29, 31) (ΑσΚΣ, Principal Compo-
nent Analysis, PCA). Σε προβλήματα πολυκριτηριακής βελτιστοποίησης, η ΑσΚΣ
εφαρμόζεται στο σύνολο των επιλέκτων κάθε γενιάς και, ουσιαστικά, πραγματοποιεί
κατάλληλη «στροφή» του χώρου σχεδιασμού. Η «στροφή» αυτή απαιτεί την επίλυση
ενός προβλήματος ιδιοτιμών με ασήμαντο υπολογιστικό κόστος. Αποδεικνύεται ότι
ο προκύπτων χώρος, ίδιας διάστασης με το χώρο σχεδιασμού, ο οποίος καθορίζεται
με άξονες τα ιδιοδιανύσματα (τις λεγόμενες «κύριες συνιστώσες») που προκύπτουν
από την ΑσΚΣ, έχει τις προαναφερθείσες ιδιότητες διαχωρισιμότητας. Οι τελεστές
εξέλιξης (διασταύρωση, μετάλλαξη, κλπ) εφαρμόζονται στις νέες μεταβλητές σχε-
διασμού και, έτσι, προκύπτουν νέοι απόγονοι, οι οποίοι τελικά επαναφέρονται (με
«αντίθετη στροφή») στον αρχικό-πραγματικό χώρο σχεδιασμού. Η προτεινόμενη
μέθοδος θα αναφέρεται ως EA(PCA) ή MAEA(PCA), τονίζοντας έτσι ότι η χρήση
PCA ή ΑσΚΣ αφορά στους ΕΑ και όχι στα μεταπρότυπα. Η εναλλακτική επιλογή πα-
ρουσιάζεται στο (γ) και προγραμματίστηκε συμπληρωματικά στον EASY. Αρχικά,
πιστοποιήθηκε σε μαθηματικές συναρτήσεις και ψευδο-μηχανολογικά προβλήματα
χαμηλού κόστους της βιβλιογραφίας. Στη συνέχεια, χρησιμοποιήθηκε για το σχε-
διασμό του δρομέα ενός υδροστροβίλου Hydromatrixr με κέρδος την αναπαραγωγή
παρόμοιας ποιότητας σχεδιασμών στο μισό περίπου χρόνο (μισός αριθμός κλήσεων
του λογισμικού ΥΡΔ, το οποίο χρησιμοποιείται για την αξιολόγηση των υποψήφιων
λύσεων) σε σχέση με τον κλασικό ΕΑ.
γ) Ως προς τον ΕΑ που υποβοηθείται από μεταπρότυπα (MAEA, στη λογική
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1. Εισαγωγή
της προσεγγιστικής προ-αξιολόγησης – ΠΠΑ – των ατόμων κάθε γενιάς με τεχνη-
τά νευρωνικά δίκτυα (22, 24, 37)) προτείνεται και πιστοποιείται μέθοδος η οποία
αντιμετωπίζει με επιτυχία ένα σημαντικό πρόβλημα το οποίο ανακύπτει όταν αυτές
χρησιμοποιούνται σε προβλήματα μεγάλης διάστασης. Από τη μέχρι σήμερα εμπειρία
από τη χρήση MAEA, είναι γνωστό ότι το κέρδος (συγκριτικά με τους κλασικούς
ΕΑ) μειώνεται όταν η διάσταση του χώρου σχεδιασμού αυξάνει σημαντικά. Αυτή
η συμπεριφορά οφείλεται (i) στο ότι η έναρξη χρήσης των τεχνητών νευρωνικών
δικτύων καθυστερεί, αναμένοντας την καταγραφή επαρκούς πλήθους ήδη αξιολογη-
μένων υποψηφίων λύσεων στη βάση δεδομένων από την οποία αντλούνται τα δείγμα-
τα εκπαίδευσης των μεταπροτύπων και (ii) στο ότι η αξιοπιστία των νευρωνικών δι-
κτύων φθίνει καθώς αυξάνει ο αριθμός εισόδων σε αυτά, άρα το πλήθος μεταβλητών
σχεδιασμού. Η προτεινόμενη αντιμετώπιση αυτού του προβλήματος βασίζεται στην
ελεγχόμενη μείωση των εισόδων (κρατώντας, ουσιαστικά, τις περισσότερο αντι-
προσωπευτικές) του νευρωνικού δικτύου. Εδώ, χρησιμοποιούνται δίκτυα ακτινικών
συναρτήσεων βάσης, Radial Basis Function network, RBF(29)) που χρησιμοποι-
ούνται ως μεταπρότυπα. Μέσω ΑσΚΣ, εφαρμοζόμενης στο σύνολο των δυναμι-
κά ανανεούμενων επιλέκτων, πραγματοποιείται εκ νέου στροφή/ευθυγράμμιση του
χώρου σχεδιασμού με τις κύριες συνιστώσες λαμβάνοντας υπόψη τη σημαντικότητα
κάθε μεταβλητής. Η τελευταία είναι αντιστρόφως ανάλογη της τιμής της σχετικής ι-
διοτιμής που προέκυψε από την ΑσΚΣ. Εδώ, επιπλέον στοιχείο είναι ότι στο «στραμ-
μένο» χώρο σχεδιασμού, γίνεται αποκοπή και κρατείται μικρός αριθμός των πλέον
σημαντικών «στραμμένων» μεταβλητών σχεδιασμού. Με τις τελευταίες και μόνο αυ-
τές, εκπαιδεύεται το δίκτυο RBF. Η τεχνική αυτή θα αναφέρεται ως M(PCA)AEA,
υποδηλώνοντας τη χρήση της ΑσΚΣ κατά την εκπαίδευση των μεταπροτύπων. Η
M(PCA)AEA οδηγεί σε περαιτέρω μείωση του χρόνου βελτιστοποίησης αφού τα
μεταπρότυπα παρέχουν προβλέψεις υψηλότερης αξιοπιστίας αλλά, επίσης, μπορούν
να ξεκινήσουν να χρησιμοποιούνται νωρίτερα κατά τη διαδικασία βελτιστοποίησης.
Η M(PCA)AEA χρησιμοποιήθηκε, με ή χωρίς την επικουρική χρήση της μεθόδου
(α) και σε συνδυασμό με τη μέθοδο (β), στο σχεδιασμό-βελτιστοποίηση 2Δ και
3Δ πτερύγωσης συμπιεστή, με κέρδος τη μείωση του χρόνου βελτιστοποίησης στο
1/3 του χρόνου του προϋπάρχοντος MAEA. Η πλέον ενισχυμένη παραλλαγή θα
αναφέρεται ως M(PCA)AEA(PCA).

1.2 Μελετούμενες Εφαρμογές

Οι τεχνικές που αναπτύχθηκαν στην παρούσα διδακτορική εργασία χρησιμο-
ποιήθηκαν στο σχεδιασμό-βελτιστοποίηση ενός καινοτόμου τύπου υδροστροβίλου,
του Hydromatrixr, ιδανικού για τοποθεσίες μικρού ύψους και μικρών παροχών.
Οι υδροστρόβιλοι Hydromatrixr, πατενταρισμένοι από την εταιρία Andritz-Hydro,
έχουν υψηλότερη αποδοτικότητα από άλλους τύπους υδροστροβίλων χαμηλού ύψους,
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1.3 Βιβλιογραφική επισκόπηση
χαμηλό κόστος εγκατάστασης και περιβαλλοντικά και οικονομικά οφέλη. Κάνοντας
χρήση των τεχνικών που αναπτύχθηκαν στην παρούσα διατριβή, επιτεύχθηκε μείω-
ση του συνολικού χρόνου σχεδιασμού τους άνω του 50%. Η μείωση του συνολικού
χρόνου σχεδιασμού και του κόστους μετατρέπουν σε οικονομικά επικερδή τη χρήση
Hydromatrixr σε ακόμη μικρότερα ύψη και παροχές μικρότερες.
Σε συνεργασία με την εταιρία Andritz-Hydro, η οποία χρηματοδότησε τμήμα

της παρούσας διατριβής, οι αναπτυχθείσες τεχνικές εφαρμόστηκαν και σε μια σειρά
άλλων σχεδιασμών υδροδυναμικών μηχανών ή συνιστωσών τους. Περισσότερο ανα-
λυτικά, με βάση τις τεχνικές αυτές οργανώθηκαν διαδικασίες σχεδιασμού δρομέων
όλων των κλασικών τύπων υδροδυναμικών στροβιλομηχανών αντίδρασης τόσο αξο-
νικής όσο και μικτής ροής (Francis, Kaplan, Bulb, Pump και Pump-Turbines), με
στόχο τόσο την αύξηση της απόδοσής τους όσο και τη βέλτιστη συνεργασία τους με
τα υπόλοιπα μέρη της εγκατάστασης. Επίσης, σχεδιάστηκαν σταθερές συνιστώσες
υδροδυναμικών μηχανών όπως αγωγοί απαγωγής (draft tubes), με στόχο τη μέγι-
στη ανάκτηση πίεσης με τις ελάχιστες απώλειες, αλλά και τμήματα αγωγών εισόδου
υδροστροβίλων δράσης (διανομείς-distributors), με στόχο την ελαχιστοποίηση του
κόστους κατασκευής και των απωλειών και με παράλληλη αύξηση της ποιότητας της
δέσμης ρευστού μετά το ακροφύσιο. Επιλεγμένο τμήμα των παραπάνω σχεδιασμών
παρουσιάζεται στο πλήρες κείμενο της διατριβής.
Το ερευνητικό έργο με τίτλο «HYDROACTION – Development and Labora-

tory Testing of Improved Action and Matrix Hydro Turbines Designed by Ad-
vanced Analysis and Optimization Tools� (FP7: Project Number 211983), το
οποίο χρηματοδότησε η Ευρωπαϊκή ΄Ενωση, υποστήριξε το υπόλοιπο τμήμα της
διατριβής. Το ΕΜΠ και η Andritz-Hydro υπήρξαν εταίροι στο έργο αυτό. Οι βιο-
μηχανικής κλίμακας υπολογισμοί στις προαναφερθείσες εφαρμογές στροβιλομηχα-
νών πραγματοποιήθηκαν, εκ των πραγμάτων, σε πολυεπεξεργαστικά συστήματα. Ως
τέτοια χρησιμοποιήθηκαν τα πολυεπεξεργαστικά συστήματα της ΜΠΥΡ&Β/ΕΘΣ
(ΕΜΠ, Αθήνα) και της Andritz-Hydro (στις εγκαταστάσεις της εταιρίας στις πόλεις
Linz, Graz και Vevey), ενίοτε και συνεργατικά μέσω τεχνικών Grid Computing
(45), τις οποίες υποστηρίζει το λογισμικό EASY.

1.3 Βιβλιογραφική επισκόπηση

Η βιβλιογραφική επισκόπηση ως προς τη χρήση μεθόδων σχεδιασμού και βελ-
τιστοποίησης στις θερμικές αλλά και υδροδυναμικές μηχανές αναδεικνύει ότι τέτοιες
εφαρμογές υπάρχουν πολλές. Στις περισσότερες περιπτώσεις, οι σχεδιαστές επωφε-
λούνται της «με ελάχιστο κόπο» υλοποίησης της βελτιστοποίησης μέσω ΕΑ, όταν
είναι διαθέσιμο το λογισμικό ΥΡΔ και αυτό της παραμετροποίησης της γεωμετρίας
τους. Στις περισσότερες περιπτώσεις, δεν δίνεται έμφαση στο υπολογιστικό κόστος
αλλά, κυρίως, στις νέες βέλτιστες λύσεις που αναδεικνύουν οι ΕΑ. Την τελευταί-

5



1. Εισαγωγή
α δεκαετία, όλα τα γνωστά επιστημονικά συνέδρια στην περιοχή των στροβιλο-
μηχανών έχουν ιδιαίτερες συνεδρίες σε θέματα βελτιστοποίησης, με τους ΕΑ να
διεκδικούν συνήθως σημαντικό μερίδιο στις εκεί παρουσιαζόμενες εργασίες. Εφαρ-
μογές στις θερμικές στροβιλομηχανές συναντώνται σε αριθμό δημοσιεύσεων της
ΜΠΥΡ&Β/ΕΘΣ (5, 6, 22, 24, 34, 38, 39). Με την εφαρμογή ΕΑ στις υδροδυνα-
μικές μηχανές ασχολείται και το Εργαστήριο Υδροδυναμικών Μηχανών του ΕΜΠ.
Το έργο του εκτείνεται από το σχεδιασμό βέλτιστων υδροδυναμικών μηχανών και
συνιστωσών αυτών (2) μέχρι τη βελτιστοποίηση ολοκληρωμένων υδροηλεκτρικών
σταθμών και σταθμών αποθήκευσης ενέργειας σε συνεργασία με άλλες μορφές α-
νανεώσιμων πηγών ενέργειας (1, 3).

1.4 Δομή της Διατριβής

Το Κεφάλαιο 2 παρουσιάζει, σε συντομία, τους ΕΑ στους οποίους βασίστηκε
αλλά και επέκτεινε η παρούσα διατριβή με όσα προαναφέρθηκαν. Παρουσιάζεται ο
γενικευμένος ΕΑ και η σύζευξή του με τα μεταπρότυπα.
Το Κεφάλαιο 3 παρουσιάζει την προτεινόμενη μέθοδο σχεδιασμού στη βάση

αρχειοθετημένης γνώσης (τεχνική KBD) και αποτιμά την επιτάχυνση της διαδικα-
σίας σχεδιασμού-βελτιστοποίησης μέσω της εκμετάλλευσης αρχειοθετημένων σχε-
διασμών, που επιταχύνεται μέσω του υβριδισμού των ΕΑ με συστήματα που βασίζο-
νται στη γνώση (Knowledge Based Systems).
Το Κεφάλαιο 4 ασχολείται με την έννοια των «κακώς-τοποθετημένων» (ill-

posed) προβλημάτων βελτιστοποίησης και τη βέλτιστη αντιμετώπιση τους μέσω ΕΑ.
Ορίζονται ισότροπες και διαχωρίσιμες συναρτήσεις-στόχοι και προσδιορίζονται τα
λεγόμενα «κακώς τοποθετημένα» προβλήματα βελτιστοποίησης και τρόποι αντιμε-
τώπισής τους. Εξετάζεται η επίδρασή τους στην απόδοση των ΕΑ και προτείνεται
η χρήση της ΑσΚΣ για τον εντοπισμό τους καθώς και η εισαγωγή νέων τελεστών
εξέλιξης για την αντιμετώπιση τους. Ακόμη, προτείνεται η χρήση των ιδιοτιμών
που προκύπτουν από την ΑσΚΣ για τη βελτίωση της απόδοσης των τοπικών με-
ταπροτύπων που χρησιμοποιούνται στους ΜΑΕΑ. Το κέρδος από τη χρήση της
προτεινόμενης μεθόδου ποσοτικοποιείται κατά το σχεδιασμό-βελτιστοποίηση μιας
2Δ πτερύγωσης συμπιεστή.
Στο Κεφάλαιο 5 πιστοποιούνται οι προτεινόμενες στα Κεφάλαια 3 και 4 μέθοδοι

στο σχεδιασμό-βελτιστοποίηση υδροδυναμικών μηχανών. Αρχικά παρουσιάζονται τα
«υπολογιστικά εργαλεία», δηλαδή η παραμετροποίηση των προς σχεδιασμό μορφών,
η διαδικασία γένεσης υπολογιστικού πλέγματος και ο επιλύτης των εξισώσεων της
ροής. Στη συνέχεια, παρουσιάζονται οι μετρικές ποιότητας που χαρακτηρίζουν την
απόδοση κάθε υποψήφιας λύσης. Αυτές, καθεμιά ξεχωριστά ή σε γραμμικούς συν-
δυασμούς με κατάλληλους συντελεστές βαρύτητας, αποτελούν τους στόχους των
προβλημάτων βελτιστοποίησης. Η προτεινόμενη μέθοδος KBD χρησιμοποιείται στο
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1.4 Δομή της Διατριβής
σχεδιασμό-βελτιστοποίηση ενός υδροστροβίλου τύπου Francis και η MAEA(PCA)
στο σχεδιασμό ενός υδροστροβίλου τύπου Hydromatrixr.
Το Κεφάλαιο 6 αναφέρεται στη βελτιστοποίηση μορφής των πτερυγίων της πτε-

ρύγωσης συμπιεστή η οποία είναι εγκατεστημένη στο ΕΘΣ/ΕΜΠ. Για τη διαδικα-
σία βελτιστοποίησης εφαρμόζεται η μέθοδος M(PCA)AEA(PCA). Πρόκειται για
εφαρμογή στην περιοχή της αεροδυναμικής υψηλών ταχυτήτων, σε αντίθεση με τις
εφαρμογές ασυμπίεστων ροών του Κεφαλαίου 5.
Τέλος, στο Κεφάλαιο 7o παρουσιάζονται τα συμπεράσματα που προέκυψαν από

την ανάπτυξη μεθόδων βελτιστοποίησης και τις εφαρμογές που πραγματοποιήθηκαν.
Τα κεφάλαια, όπως αριθμούνται στην εκτενή περίληψη στην Ελληνική γλώσσα,

αντιστοιχούν σε αυτά του πλήρους κειμένου της διατριβής στην Αγγλική γλώσσα.
Γενικά, όμως, ενδέχεται οι ενότητες των κεφαλαίων να αριθμούνται διαφορετικά.
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Κεφάλαιο 2

Εξελικτικοί Αλγόριθμοι

2.1 Εισαγωγή

Στόχος αυτού του κεφαλαίου είναι η παρουσίαση της προϋπάρχουσας υποδομής,
όπως αυτή διαμορφώθηκε στο πλαίσιο προηγούμενων διατριβών στη ΜΠΥΡ&Β/ΕΘΣ
του ΕΜΠ, σχετικής με την ανάπτυξη αποδοτικών μεθόδων βελτιστοποίησης βασι-
σμένων στους ΕΑ (4, 18, 25, 32, 36, 42). Η υποδομή αυτή (23) χρησιμοποιήθηκε
ως αλγοριθμική βάση στην παρούσα διδακτορική διατριβή και εμπλουτίστηκε με νέες
μεθόδους που παρουσιάζονται αναλυτικά στα επόμενα κεφάλαια, αυξάνοντας ακόμη
περισσότερο την ήδη υψηλή απόδοση αυτών.
Οι ΕΑ ανήκουν στην κατηγορία των στοχαστικών, πληθυσμιακών μεθόδων βελ-

τιστοποίησης και μιμούνται τη θεωρία εξέλιξης των ειδών του Δαρβίνου (10). Οι
πρώτες προσπάθειες χρήσης ΕΑ για την επίλυση προβλημάτων βελτιστοποίησης ξε-
κίνησαν σχεδόν ταυτόχρονα κατά τα μέσα της δεκαετίας του 1950, από τους Fried-
berg (16, 17), Bremermann (9) και Box (8). Στις αρχές της δεκαετίας του 1960,
είχαν διαμορφωθεί οι τρεις κύριες μορφές των ΕΑ οι οποίες, στη συνέχεια, κυρι-
άρχησαν: ο Εξελικτικός Προγραμματισμός (Evolutionary Programming, EP) από
τον Fogel (15), οι Στρατηγικές Εξέλιξης (Evolutionary Strategies, ES) από τον
Rechenberg (47) και οι Γενετικοί Αλγόριθμοι (Genetic Algorithms, GA) από τον
Holland (30).
Το λογισμικό βελτιστοποίησης EASY (Evolutionary Algorithm System) της

ΜΠΥΡ&Β/ΕΘΣ κάνει χρήση του προτεινόμενου στην (25) γενικευμένου (µ, λ)EA
ο οποίος μπορεί να μετατραπεί, με κατάλληλες ρυθμίσεις, τόσο σε GA όσο και σε ES.
Οι ακέραιες ποσότητες μ και λ αναφέρονται στο πλήθος των γονέων και απογόνων
κάθε γενιάς, αντίστοιχα. Ο (µ, λ)EA χρησιμοποιεί τους τελεστές εξέλιξης (επιλογής
γονέων, διασταύρωσης, μετάλλαξης, ελιτισμού) για τη δημιουργία του πληθυσμού
των απογόνων.
Τα κύρια πλεονεκτήματα των ΕΑ που τους μετατρέπουν σε ελκυστικά, για τη βιο-

μηχανία, εργαλεία σχεδιασμού-βελτιστοποίησης είναι: α) η ικανότητά τους να εντο-
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2. Εξελικτικοί Αλγόριθμοι
πίζουν το καθολικό βέλτιστο, αποφεύγοντας τα τοπικά ακρότατα και β) η ικανότητα
τους να χρησιμοποιούν οποιοδήποτε λογισμικό αξιολόγησης χωρίς ανάγκη πρόσβα-
σης στον πηγαίο κώδικα αυτού. Προαπαιτούμενα για την πραγματοποίηση μιας βελ-
τιστοποίησης με χρήση ΕΑ είναι η διαθεσιμότητα λογισμικού αξιολόγησης ικανού
να αναλύει κάθε υποψήφια λύση και να ποσοτικοποιήσει την απόδοση/ποιότητά της
με βάση τα τεθέντα κριτήρια και την ικανοποίηση των τεθέντων περιορισμών (αν
και εφόσον αυτοί υπάρχουν), ο καθορισμός των μεταβλητών σχεδιασμού (και των
ορίων τους) και των συναρτήσεων κόστους.
Η ανάγκη αξιολόγησης όλων των υποψηφίων λύσεων που δημιουργούνται κατά

τη διαδικασία της εξέλιξης, ώστε να αποδοθούν σε αυτές οι τιμές των συναρτήσε-
ων κόστους, είναι το αδύνατο σημείο των ΕΑ. Το πρόβλημα γίνεται σημαντικό σε
περιπτώσεις όπου το λογισμικό αξιολόγησης έχει υψηλό υπολογιστικό κόστος. Η
βελτιστοποίηση μορφής, τόσο στην αεροδυναμική όσο και στην υδροδυναμική, α-
νήκει σε αυτήν την κατηγορία λόγω της χρήσης κωδίκων ΥΡΔ ως λογισμικού
αξιολόγησης. Αυτό αυξάνει αισθητά το χρόνο ολοκλήρωσης της διαδικασίας βελτι-
στοποίησης. Για να αντιμετωπισθεί η προαναφερθείσα αδυναμία, έχουν αναπτυχθεί
τρόποι που α) ελαχιστοποιούν τον αριθμό κλήσεων στο λογισμικό αξιολόγησης, μει-
ώνοντας με αυτόν τον τρόπο το συνολικό υπολογιστικό κόστος της βελτιστοποίησης
και β) εκμεταλλεύονται τη διαθεσιμότητα πολυεπεξεργαστικών συστημάτων, αξιο-
λογώντας ταυτοχρόνως πολλές υποψήφιες λύσεις και, έτσι, μειώνοντας το συνολικό
χρόνο της αναμονής του σχεδιαστή. Οι δύο αυτές τεχνικές, στις διάφορες παραλλα-
γές τους, εντάχθηκαν στο λογισμικό EASY από παλαιότερες διδακτορικές διατριβές
της ερευνητικής ομάδας της ΜΠΥΡ&Β/ΕΘΣ του ΕΜΠ (4, 25, 32, 36) και μπορούν
να χρησιμοποιηθούν σε συνδυασμό με τις προτεινόμενες, σε αυτήν τη διατριβή, με-
θόδους. Σχετικές είναι και οι εργασίες (6, 13, 19, 22, 24, 34, 35, 37, 38, 39, 39, 43)
από την ερευνητική ομάδα της ΜΠΥΡ&Β/ΕΘΣ.

2.2 Βασικές ΄Εννοιες

Τα προβλήματα βελτιστοποίησης που επιλύονται σε αυτήν τη διατριβή διατυ-
πώνονται γενικά ως προβλήματα ελαχιστοποίησης Μ στόχων και Κ περιορισμών.
Μια γενική διατύπωσή τους είναι η

min ~F (~x) = (f1(~x), f2(~x), ..., fM(~x)) ∈ <M

υπό τους περιορισμούς ck(~x) ≤ dk, k = 1, K (2.1)

όπου ~x ∈ X ≤<N είναι το διάνυσμα των μεταβλητών σχεδιασμού και X ο χώρος
σχεδιασμού. Περιορισμοί ισότητας της μορφής c∗ (~x) = d∗ καλύπτονται από τη δια-
τύπωση 2.1 αν γραφούν ως c (~x) = |c∗ (~x)− d∗|<d, όπου d ∈ RK ένας απειροστά
μικρός αριθμός.
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2.2 Βασικές ΄Εννοιες
Ο γενικευμένος ΕΑ, (25), που χρησιμοποιήθηκε ως λογισμικό βάσης στην πα-

ρούσα διδακτορική διατριβή διαχειρίζεται, σε κάθε γενιά (g), τρεις πληθυσμούς: τον
πληθυσμό P g

λ των λ απογόνων, τον P
g
µ των μ γονέων και τον P

g
e των e επιλέκτων της

γενιάς g. Η πιθανότητα επιλογής μίας υποψήφιας λύσης ως γονέα είναι αντιστρόφως
ανάλογη της τιμής της προς ελαχιστοποίηση βαθμωτής συνάρτησης κόστους Φ. Η
συνάρτηση Φ ορίζεται στη συνέχεια. Το σύνολο P g

e εμπεριέχει τις καλύτερες, μέχρι
στιγμής, λύσεις που ανέδειξε η εξέλιξη. Ακολουθεί ο αλγόριθμος του γενικευμένου
ΕΑ (25), στη μορφή που καλύπτει τόσο μονοκριτηριακή και πολυκριτηριακή βελτι-
στοποίηση.Βήμα 1: (Αρχικοποίηση) Τίθεται g=0, P g−1

e = ∅ και P g−1
µ = ∅. Κάθε μέλος

του συνόλου των απογόνων P g
λ αρχικοποιείται μέσω μίας ομοιόμορφης γεν-

νήτριας ψευδοτυχαίων αριθμών1 λαμβάνοντας υπόψη τα τεθέντα άνω και κάτω
όρια των μεταβλητών σχεδιασμού. ΄Ενα, συνήθως μικρό, υποσύνολο του P g

λ

μπορεί να επιβληθεί εξωτερικά από το χρήστη. Τέτοια άτομα συνήθως αποτε-
λούν βέλτιστες λύσεις παρόμοιων προβλημάτων ή άλλες λύσεις που σέβονται
όμως τους περιορισμούς.Βήμα 2: (Αξιολόγηση) Κάθε μέλος του συνόλου απογόνων αξιολογείται
χρησιμοποιώντας το πρότυπο αξιολόγησης, υπολογίζεται δηλαδή το διάνυσμα
τιμών ~F (~x) ∈ <M , για κάθε ~x ∈ P g

λ .Βήμα 3: (Απόδοση βαθμωτού κόστους) Για κάθε ~x ∈ P g
λ∪P g

µ∪P g−1
e , υπολο-

γίζεται μια βαθμωτή τιμή κόστους Φ(~x) συναρτήσει του ~F (~x). Για προβλήματα
ενός στόχου Φ(~x) ≡ F (~x).Βήμα 4: (Ανανέωση επιλέκτων) Τα e∗ καλύτερα μέλη του P g

λ ∪ P g−1
e επι-

λέγονται ως μέλη του P g
e . Αν e

∗>e, εφαρμόζεται τελεστής αραίωσης (25) για
να αφαιρεθούν τα επιπλέον e∗−e άτομα.Βήμα 5: (Ελιτισμός) Μικρός αριθμός επιλέκτων, ο οποίος επιλέγεται τυχαία
από το P g

e , αντικαθιστά τα χειρότερα μέλη του P
g
λ .Βήμα 6: (Επιλογή γονέων) Τα μέλη του P g

µ επιλέγονται από το P
g
λ ∪ P g−1

µ

λαμβάνοντας υπόψη το επιτρεπόμενο όριο ζωής κ (εκφρασμένο σε αριθμό γε-
νιών) κάθε γονέα και απογόνου. Σε συμβολική γραφή, P g

µ = S(P g−1
µ , P g

λ , κ).Βήμα 7: (Διασταύρωση & μετάλλαξη) Η επόμενη γενιά απογόνων P g+1
λ

διαμορφώνεται από το P g
µ κάνοντας χρήση των τελεστών, διασταύρωσης (R)

και μετάλλαξης (M). Σε συμβολική γραφή, P g+1
λ = M(R(P g

µ)).

1Pseudo Random Number Generator, PRNG.
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2. Εξελικτικοί ΑλγόριθμοιΒήμα 8: (΄Ελεγχος τερματισμού) Αν ικανοποιείται κάποιο από τα τεθέντα
κριτήρια σύγκλισης του ΕΑ ο αλγόριθμος τερματίζεται, αλλιώς g ← g+1 και
επιστροφή στο βήμα 2.

Οι βασικοί ορισμοί συμβόλων που χρησιμοποιούνται στο (μ,λ)ΕΑ παρέχονται
στον πίνακα 2.1.

2.2.1 Πολυκριτηριακή Βελτιστοποίηση

Αν M > 1, το πρόβλημα (2.1) είναι ένα πρόβλημα ελαχιστοποίησης πολλών
στόχων. Στην περίπτωση που υπάρχει μία λύση ~x∗, η οποία συγχρόνως ελαχιστο-
ποιεί όλους τους στόχους, αυτή αποτελεί την καθολικά βέλτιστη λύση του προβλήμα-
τος. Στη συνήθη περίπτωση όπου οι στόχοι είναι αντικρουόμενοι, χρησιμοποιείται η
έννοια της κυριαρχίας κατά Pareto, όπως αυτή ορίζεται στη συνέχεια.
Για να γίνει δυνατή η χρήση ενός ΕΑ στην πολυκριτηριακή βελτιστοποίηση είναι

απαραίτητη μία εμβόλιμη τεχνική που θα μετατρέπει το διάνυσμα ~F (~x) σε βαθμωτό
Φ(~x). Με τον τρόπο αυτό, όλες οι τεχνικές που αναπτύσσονται για μονοκριτηριακή
βελτιστοποίηση εφαρμόζονται και στην πολυκριτηριακή. Στην παρούσα διατριβή, αυ-
τό επιτυγχάνεται κάνοντας χρήση της τεχνικής SPEA2, (53, 54), η οποία βασίζεται
στην έννοια της κυριαρχίας κατά Pareto. Ακολουθούν οι ορισμοί της κυριαρχίας και
της βέλτιστης λύσης κατά Pareto:Κυριαρχία κατά Pareto: Η λύση ~x1 ∈X κυριαρχεί κατά Pareto της ~x2 ∈X
(~x1 ≺ ~x2) αν και μόνο αν δεν παρουσιάζει χειρότερη (μεγαλύτερη, σε πρόβλημα
ελαχιστοποίησης) τιμή για όλες τις συναρτήσεις κόστους, ενώ τουλάχιστον μια από
αυτές παρουσιάζει καλύτερη (χαμηλότερη σε πρόβλημα ελαχιστοποίησης) τιμή ως
προς την αντίστοιχη της λύσης ~x2, (26). Μαθηματικά διατυπωμένο:

~x1 ≺ ~x2 ⇔ (∀i ∈ [1,M ] : fi(~x1) ≤ fi(~x2)) ∧ (∃i : fi(~x1) < fi(~x2)) (2.2)Βέλτιστη κατά Pareto λύση: Μια λύση ~x1 ∈ X (X είναι το σύνολο των
αποδεκτών λύσεων) είναι βέλτιστη κατά Pareto αν και μόνο αν δεν κυριαρχείται
κατά Pareto από καμία άλλη λύση ~x∈X, δηλαδή αν και μόνο αν, (26),

@~x : ~x ≺ ~x1, ~x, ~x1 ∈ X⊆<N (2.3)

Ακολουθεί η παρουσίαση της τεχνικής SPEA2, (53, 54), που χρησιμοποιείται
για να μετατρέψει τα διανύσματα τιμών F των μελών του τρέχοντος πληθυσμού
σε βαθμωτές τιμές Φ, με βάση την έννοια της κυριαρχίας κατά Pareto. Η SPEA2
αποδίδει σε κάθε άτομο μια βαθμωτή τιμή αντιπροσωπευτική της αλληλοκυριαρχίας
των ατόμων της ένωσης των συνόλων P g

λ , P
g
µ και P

g−1
e .
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2.2 Βασικές ΄Εννοιες

f1

f2

Σχήμα 2.1: Σχηματική απεικόνιση της κυριαρχίας κατά Pareto σε πρόβλημα ελα-
χιστοποίησης δύο στόχων (Μ=2). Η λύση ~x1 είναι βέλτιστη κατά Pareto καθώς δεν
κυριαρχείται από οποιαδήποτε άλλη λύση. Η λύση ~x1, αυτή καθαυτή, κυριαρχεί σε όλες
τις λύσεις που υπάρχουν στη σκιασμένη περιοχή. Το μέτωπο των κατά Pareto βέλτι-
στων λύσεων, το οποίο εδώ απεικονίζεται με μαύρους κύκλους, δεν είναι υποχρεωτικά
συνεχές.Βήμα 1: (Υπολογισμός δύναμης) Για κάθε μέλος (i) του πληθυσμού

P = P g
λ ∪ P g

µ ∪ P g−1
e υπολογίζεται η τιμή της δύναμης Si =

∑
(j:j∈P∧i≺j)∑

P
.

Σύμφωνα με τη σχέση αυτή, η δύναμη ενός μέλους i ορίζεται ως το πλήθος
των μελών του πληθυσμού στα οποία κυριαρχεί, διαιρεμένο με το συνολικό
μέγεθος του πληθυσμού P .Βήμα 2: (Υπολογισμός πυκνότητας) Για κάθε μέλος i του πληθυσμού υπο-
λογίζεται η τιμή πυκνότητας Di =

1
ai+2
, ως συνάρτηση της απόστασής του

ai = min(‖ ~Fi − ~Fk ‖) από το κοντινότερο μέλος του πληθυσμού.Βήμα 3: (Υπολογισμός Φ) Η βαθμωτή τιμή κόστους υπολογίζεται για κάθε
άτομο του πληθυσμού και ορίζεται ως το άθροισμα Φi = Ri +Di όπου
Ri =

∑
j∈P∧i≺j |Sj| είναι μια βοηθητική ποσότητα (raw fitness) ίση με το

άθροισμα της δύναμης των ατόμων από τα οποία κυριαρχείται το υπόψη άτομο.
Μεγάλες τιμές της ποσότητας Ri υποδηλώνουν ότι το άτομο κυριαρχείται
από πολλά άλλα άτομα. Τα μέλη του μετώπου Pareto λαμβάνουν εξ ορισμού
μηδενική τιμή (Ri = 0).
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2. Εξελικτικοί Αλγόριθμοι
2.2.2 Βελτιστοποίηση με Περιορισμούς

Στην πλειονότητα τους, τα προβλήματα βελτιστοποίησης, κυρίως αυτά που αφο-
ρούν σε βιομηχανικές εφαρμογές, πρέπει να ικανοποιούν και ένα σύνολο περιορισμών.
Οι περιορισμοί μπορεί να σχετίζονται με γεωμετρικά χαρακτηριστικά ή λειτουργικές
επιδόσεις λ.χ. της σχεδιαζόμενης στροβιλομηχανής. Σε αυτήν τη διατριβή, οι ΕΑ
αντιμετωπίζουν τα προβλήματα με περιορισμούς κάνοντας χρήση συναρτήσεων ποι-
νής (penalty functions (11, 46)).
Οι όροι ποινής είναι ανάλογοι του κατά πόσο παραβιάζεται ο κάθε περιορισμός

και προστίθενται στην Φ. Για κάθε περιορισμό, εκτός της τιμής του κατωφλίου dk
της σχέσης 2.1, ορίζεται επιπλέον και μια «χαλαρωμένη» τιμή d∗k>dk. Στην περίπτω-
ση που το άτομο υπερβεί το «χαλαρωμένο» κατώφλι d∗k, τότε αυτομάτως αποδίδεται
«ποινή θανάτου» (death penalty), η οποία πρακτικά ισοδυναμεί με «άπειρη» τιμή
της ποσότητας Φ. Στην περίπτωση που κανένας περιορισμός δεν υπερβαίνει το «χα-
λαρωμένο» όριο, η τιμή της Φ υπολογίζεται από τη σχέση:

Φ(~x) = Φ(~x) +
K∏
k=1

{
exp(ak

ck(x)−dk
d∗k−dk

) , ck(x) > dk

1 , ck(x) ≤ dk
(2.4)

όπου οι συντελεστές ak καθορίζονται από το χρήστη και ρυθμίζουν τη σημαντι-
κότητα κάθε περιορισμού.

Πλήθος μεταβλητών σχεδιασμού Ν
Πλήθος στόχων Μ
Πλήθος περιορισμών Κ
Υποψήφια λύση, διάνυσμα μεταβλητών σχεδιασμού ~x = (x1, ..., xN)
Συνάρτηση-στόχος fi(~x)

Διάνυσμα στόχων (αν Μ>1) ~F = (f1(~x), ..., fM(~x))
Συνάρτηση-περιορισμός ci(~x)

Διάνυσμα περιορισμών ~C = (c1(~x), ..., cK(~x))
Βαθμωτή συνάρτηση κόστους Φ
Πλήθος απογόνων ανά γενιά λ
Πλήθος γονέων ανά γενιά µ
Πλήθος επιλέκτων ανά γενιά e
Διάρκεια ζωής ατόμου (μετρούμενη σε γενιές) κ
Πλήθος γονέων που σχηματίζουν έναν απόγονο ρ

Πίνακας 2.1: Γενικευμένος Εξελικτικός Αλγόριθμος (µ, λ)ΕΑ: Βασικοί Συμβολι-
σμοί.
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2.3 ΕΑ Υποβοηθούμενοι από Μεταπρότυπα
2.3 ΕΑ Υποβοηθούμενοι από Μεταπρότυπα

Η αντικατάσταση του ακριβούς προτύπου αξιολόγησης (λ.χ. του κώδικα ΥΡΔ
στις εφαρμογές αερο- ή υδροδυναμικής) με κάποιο άλλο πρότυπο αξιολόγησης (με-
ταπρότυπο/metamodel), το οποίο έχει αρκετά μικρότερο υπολογιστικό κόστος και,
συνήθως, είναι μια γενική μέθοδος παρεμβολής ή προσέγγισης, είναι η βασική ιδέα
των υποβοηθούμενων από μεταπρότυπα ΕΑ (Metamodel-Assisted Evolutionary Al-
gorithms ή ΜΑΕΑ).
Σε αυτήν τη διατριβή χρησιμοποιούνται ΕΑ με μεταπρότυπα συνδεόμενα με την

εξέλιξη μέσω της τεχνικής της προσεγγιστικής προ-αξιολόγησης (ΠΠΑ), Inexact
Pre–Evaluation (IPE), (4, 24, 25, 32, 33, 36). Η φάση της ΠΠΑ ξεκινά όταν στη
βάση δεδομένων του ΕΑ έχει αρχειοθετηθεί ένας ελάχιστος αριθμός (ορίζεται από
το χρήστη) αξιολογημένων υποψήφιων λύσεων. Κατά τη φάση της ΠΠΑ, εκπαιδεύ-
ονται (λ−λ∗) μεταπρότυπα, όπου λ∗ ο αριθμός των ατόμων του τρέχοντος πλη-
θυσμού που υπάρχουν ήδη στη βάση δεδομένων. Ασφαλώς, αυτά τα λ∗ άτομα δεν
χρειάζεται να αξιολογηθούν, για την απόδοση προσεγγιστικής τιμής κόστους Φ∗

στις (λ−λ∗) υποψήφιες λύσεις. Κάθε μεταπρότυπο δίνει μια εκτίμηση της τιμής της
συνάρτησης-στόχου του αντίστοιχου ατόμου. Με αυτήν την έννοια, τα μεταπρότυπα
χαρακτηρίζονται ως «τοπικά» (local metamodels). Τέλος, τα λe καλύτερα άτομα του
πληθυσμού, με βάση τις αποδοθείσες τιμές Φ∗, προκρίνονται για αξιολόγηση με το
ακριβές πρότυπο, εδώ το λογισμικό ΥΡΔ. Λεπτομερέστερη περιγραφή της τεχνικής
ΠΠΑ βρίσκεται στο Κεφάλαιο 2 του πλήρους κειμένου. Το σχήμα 2.2 σκιαγραφεί
ένα ΜΑΕΑ.

Σχήμα 2.2: Ο ΜΑΕΑ με μεταπρότυπα συνδεδεμένα με την εξέλιξη μέσω της τεχνι-
κής της προσεγγιστικής προ-αξιολόγησης (ΠΠΑ).

Στην παρούσα διατριβή, ως μεταπρότυπα χρησιμοποιούνται τεχνητά νευρωνικά

15



2. Εξελικτικοί Αλγόριθμοι
δίκτυα (ΤΝΔ, Artificial Neural Networks, ANN) και, συγκεκριμένα, Δίκτυα Συ-
ναρτήσεων Ακτινικής Βάσης (Radial Basis Function networks, RBF) (29).
΄Ενα τυπικό δίκτυο RBF, με Ν εισόδους και μία έξοδο, κατάλληλο για την

πρόβλεψη τιμής μιας συνάρτησης κόστους φαίνεται στο σχήμα 2.3. Η συνάρτηση
ενεργοποίησης που χρησιμοποιήθηκε είναι η G(u, r) = exp(−u2

r2
) όπου u = ‖~x−~cl‖2

είναι η απόσταση από το lo κέντρο ~cl της συνάρτησης ακτινικής βάσης.

X1

Xn

XN

f(X)

G

G

G

input

layer

hiddel

layer

output

layer

w1

wl

wL

Σχήμα 2.3: Δίκτυο συναρτήσεων ακτινικής βάσης Ν εισόδων και μίας εξόδου, το
οποίο χρησιμοποιείται ως μεταπρότυπο του ΜΑΕΑ της παρούσας διατριβής.

2.4 Ιεραρχική-Πολυεπίπεδη Βελτιστοποίηση

Η επίλυση ενός προβλήματος βελτιστοποίησης σε έναν αριθμό «επιπέδων βελτι-
στοποίησης», χρησιμοποιώντας στο κάθε επίπεδο: α) υπολογιστικά εργαλεία αξιο-
λόγησης των υποψήφιων λύσεων διαφορετικού κόστους και ακρίβειας, β) μεθόδους
ανίχνευσης διαφορετικού τύπου, ενδεχομένως στοχαστικές σε κάποια επίπεδα και
αιτιοκρατικές σε άλλα, γ) παραμετροποίηση της προς σχεδιασμό μορφής με διαφο-
ρετικούς βαθμούς ελευθερίας, αποτελεί τη βασική ιδέα της ιεραρχικής (Hierarchical
EA, HEA) ή πολυεπίπεδης βελτιστοποίησης, (20, 27, 32, 33, 39).
Οι προαναφερθείσες μορφές ιεραρχικής-πολυεπίπεδης βελτιστοποίησης (σχήμα

2.4) μπορούν να χρησιμοποιηθούν ανεξάρτητα ή σε συνδυασμό, χρησιμοποιώντας
δύο ή περισσότερα επίπεδα.
Στο σχήμα 2.4, αριστερά, απεικονίζεται ο πολυεπίπεδος (διεπίπεδος ΕΑ) με ιε-

ραρχική αξιολόγηση (Hierarchical Evaluation). Χρησιμοποιεί λογισμικό χαμηλού
υπολογιστικού κόστους και πιστότητας στο χαμηλό επίπεδο και λογισμικό υψηλού
κόστους και πιστότητας στο υψηλό επίπεδο, το οποίο χειρίζεται μικρότερο πληθυ-
σμό. Στο μέσο, απεικονίζεται παραλλαγή βασισμένη στην ιεραρχική ανίχνευση (Hi-
erarchical Search) που υλοποιείται συνήθως εφαρμόζοντας ΕΑ στο χαμηλό επίπεδο
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2.4 Ιεραρχική-Πολυεπίπεδη Βελτιστοποίηση
LowFidelityS/W

HighFidelityS/W
Detailed

Parameterization

Parameterization

Rough

Evaluation Search Parameterization

Gradient−based

EA

Σχήμα 2.4: Σχηματική απεικόνιση των τριών τύπων ιεραρχικής-πολυεπίπεδης βελ-
τιστοποίησης. Παρουσιάζεται η πλέον συνηθισμένη διεπίπεδη μορφή του προαναφερ-
θέντος γενικού τρόπου σε τρεις εναλλακτικές διατυπώσεις, (32).

και αιτιοκρατικές μεθόδους βελτιστοποίησης στο υψηλό επίπεδο. Τέλος, δεξιά, α-
πεικονίζεται μια τρίτη παραλλαγή που βασίζεται στην ιεραρχική παραμετροποίηση
(Hierarchical Parameterization). Αυτή συνδυάζει την αδρή παραμετροποίηση της
προς σχεδιασμό μορφής με λίγες μεταβλητές σχεδιασμού στο χαμηλό επίπεδο με
τη λεπτομερή παραμετροποίησή της, με όλους τους βαθμούς ελευθερίας, στο υψηλό
επίπεδο.
Η ιεραρχική βελτιστοποίηση δεν χρησιμοποιείται στις εφαρμογές που παρουσιάζει

η διατριβή αυτή. Η χρήση των εδώ προτεινόμενων τεχνικών μείωσης του υπολογιστι-
κού κόστους είναι, όμως, άμεσα επεκτάσιμη και στην περίπτωση που χρησιμοποιείται
ιεραρχικός ΕΑ. Το κέρδος από τις νέες μεθόδους αναμένεται να υπερτίθεται σε αυτό
των ιεραρχικών ΕΑ.
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Κεφάλαιο 3

Σχεδιασμός στη Βάση
Αρχειοθετημένης Γνώσης

Σε αυτό το κεφαλαίο προτείνεται, υλοποιείται και αξιολογείται μια πρωτότυπη
διαδικασία σχεδιασμού στροβιλομηχανών η οποία εκμεταλλεύεται τη διαθεσιμότη-
τα παλαιότερων αρχειοθετημένων σχεδιασμών. Οι τελευταίοι θεωρούνται βέλτιστοι
ή πολύ ικανοποιητικοί για λειτουργία σε διαφορετικές μεν, αλλά «συναφείς» συν-
θήκες. Αυτή η διαδικασία θα ονομάζεται σχεδιασμός στη βάση αρχειοθετημένης
γνώσης ή Knowledge Based Design (KBD), (28). Αν και το υλικό που παρουσιάζε-
ται περιορίζεται σε περιπτώσεις στροβιλομηχανών, η μέθοδος είναι γενική και άμεσα
εφαρμόσιμη σε οποιαδήποτε άλλη επιστημονική περιοχή.
Η προτεινόμενη διαδικασία σχεδιασμού αποτελεί ένα πρωτότυπο συνδυασμό της

γενικότερης μεθόδου «Αιτιολογίας Κατά Περίπτωση» (Case Based Reasoning, CBR),
(41, 48, 51), που εντάσσεται στην κατηγορία «Συστημάτων Αρχειοθετημένης Γνώσης»
(Knowledge Based Systems, KBS) και των ΕΑ. Η προτεινόμενη KBD αποτελεί μία
εντελώς αυτοματοποιημένη διαδικασία, από τη στιγμή που έχουν επιλεγεί οι αρχειο-
θετημένοι σχεδιασμοί (σχεδιασμοί βάσης) και δεν απαιτεί παρέμβαση του χρήστη
κατά τη διαδικασία αναθεώρησης της προτεινόμενης λύσης, όπως αυτό συμβαίνει
στη συμβατική CBR. Το επιδιωκόμενο αποτέλεσμα θα μπορούσε, εν μέρει, να επι-
τευχθεί με απλή ένταξη των αρχειοθετημένων σχεδιασμών στην πρώτη γενιά του
ΕΑ, μαζί με κατάλληλο καθορισμό των ορίων των μεταβλητών σχεδιασμού. Αντ΄
αυτού, στην προτεινόμενη διαδικασία, χρησιμοποιούνται τεχνικές στατιστικής α-
νάλυσης έτσι ώστε να επιτευχθεί περαιτέρω επιτάχυνση του ΕΑ. Η προτεινόμενη
διαδικασία KBD επιτυγχάνει:α) Αισθητή μείωση των μεταβλητών σχεδιασμού που χειρίζεται ο ΕΑ, επιφέροντας

σημαντική επιτάχυνση της βελτιστοποίησης. Ουσιαστικά, επιτυγχάνει τον ε-
ντοπισμό της/των βέλτιστης/ων λύσης/εων με μικρότερο αριθμό κλήσεων του
λογισμικού αξιολόγησης. Επιπλέον, προκαλεί ακόμη μεγαλύτερη επιτάχυνση
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3. Σχεδιασμός στη Βάση Αρχειοθετημένης Γνώσης
λόγω της αύξησης του κέρδους από τη χρήση μεταπροτύπων. Στην προτεινόμε-
νη μέθοδο, τα μεταπρότυπα εκπαιδεύονται αποκτώντας μεγαλύτερη ακρίβεια
πρόβλεψης ενώ η διαδικασία της ΠΠΑ μπορεί να εκκινεί νωρίτερα, με αρκετά
λιγότερα πιθανά δείγματα εκπαίδευσης στη βάση δεδομένων την οποία διατηρεί
και ανανεώνει ο ΕΑ, κατά την εξέλιξή του.β) Τον αυτόματο/άκοπο καθορισμό των ορίων των μεταβλητών σχεδιασμού, απαλ-
λάσσοντας έτσι το σχεδιαστή από τη διαδικασία επιλογής τους και εξαλείφο-
ντας παράλληλα τον κίνδυνο λάθους (η βέλτιστη λύση να βρίσκεται έξω από τα
όρια των μεταβλητών σχεδιασμού). Υπενθυμίζεται ότι η βελτιστοποίηση μέσω
ΕΑ προαπαιτεί τον καθορισμό άνω και κάτω ορίων τιμών για κάθε μεταβλητή.γ) Τη δυνατότητα αντιστοίχισης τιμών σημαντικότητας στις περιοχές του χώρου
σχεδιασμού, όπως αυτές υπολογίζονται από τη στατιστική ανάλυση των αρ-
χειοθετημένων σχεδιασμών. Η απόδοση υψηλής σημαντικότητας σε μια υ-
ποπεριοχή του χώρου σχεδιασμού μετουσιώνεται σε μεγαλύτερη πιθανότητα
δημιουργίας απογόνων σε αυτήν, κατά τη διαδικασία της εξέλιξης.

Οι προαναφερθείσες ιδιότητες της KBD επιτρέπουν την αποδοτική ανίχνευση
μεγάλων χώρων σχεδιασμού, τόσο ως πρός το πλήθος των μεταβλητών σχεδιασμού
όσο και ως προς το εύρος αυτών, εκμεταλλευόμενη την πληροφορία/γνώση που
ενυπάρχει στους αρχειοθετημένους σχεδιασμούς.

3.1 Διατύπωση Νέου Σχεδιασμού

Στην προτεινόμενη μέθοδο, ο τρόπος διατύπωσης κάθε νέου σχεδιασμού είναι άρ-
ρηκτα συνδεδεμένος με την εισαγωγή των λεγόμενων μεταβλητών βελτιστοποίησης
(optimization variables). Οι μεταβλητές βελτιστοποίησης αποτελούν ένα διαφορε-
τικό σύνολο μεταβλητών σχεδιασμού, μικρότερης κατά κανόνα διάστασης από αυτό
που προκύπτει από την κλασική παραμετροποίηση μορφής. Στη μέθοδο KBD, οι
άγνωστοι του προβλήματος θα ονομάζονται σκόπιμα «μεταβλητές βελτιστοποίησης»
για να υπάρξει αντιδιαστολή ως προς τις «μεταβλητές σχεδιασμού» που αντιστοιχούν
στην κλασική παραμετροποίηση μορφής. Στην τελευταία περίπτωση, λ.χ. μεταβλητές
σχεδιασμού θα μπορούσαν να είναι οι συντεταγμένες των σημείων ελέγχου συναρ-
τήσεων Bezier κ.ο.κ.
Η διαδικασία εισαγωγής των μεταβλητών βελτιστοποίησης έχει ως αφετηρία τους

m σχεδιασμούς βάσης (m αρχειοθετημένα πτερύγια, αν λ.χ. σχεδιάζεται ένα νέο
πτερύγιο στροβιλομηχανής). Αυτά θα συμβολίζονται ως GEOi = (xi

1, x
i
2, ...., x

i
N),

i=1, ...,m όπου xj, j = 1, ..., N οι μεταβλητές σχεδιασμού όπως αυτές προκύπτουν
από την παραμετροποίηση μορφής. Θεωρείται ότι οι m σχεδιασμοί βάσης περιγράφο-
νται όλοι με την ίδια παραμετροποίηση. Σε διαφορετική περίπτωση, επαφίεται στο
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3.1 Διατύπωση Νέου Σχεδιασμού
σχεδιαστή να δημιουργήσει κοινή παραμετροποίηση. Αυτό μπορεί να γίνει λ.χ. μέσω
ΕΑ αλλά το θέμα ξεφεύγει από το πλαίσιο της παρούσας διατριβής.
Στη συνέχεια, υπολογίζονται οι μέσες τιμές (µj) και οι τυπικές αποκλίσεις (σj)

όλων των μεταβλητών σχεδιασμού των m σχεδιασμών βάσης. Συμβολικά,

 x1
1
...
x1
N


 xi

1
...
xi
N


 xm

1
...
xm
N

→
 µ1
...
µN


 σ1
...
σN

 (3.1)

Οι Ν μεταβλητές σχεδιασμού ομαδοποιούνται σε Κ ομάδες. Τα κριτήρια για την
ομαδοποίηση μπορεί να είναι πολλά. Συνήθως, αλλά όχι αναγκαστικά, όλες οι με-
ταβλητές σχεδιασμού που αναφέρονται στην ίδια συνιστώσα της προς σχεδιασμό
γεωμετρίας εντάσσονται στην ίδια ομάδα. Ενδεικτικά, κατά το σχεδιασμό λ.χ. μιας
πτερύγωσης στροβιλομηχανής, οι μεταβλητές σχεδιασμού που παραμετροποιούν τη
γενέτειρα του κελύφους ποδός συνήθως ανήκουν στην ίδια ομάδα, αυτές της γε-
νέτειρας κελύφους κεφαλής σε μια άλλη, μια τρίτη ομάδα μπορεί να αποτελείται από
τις μεταβλητές που σχετίζονται με τη μέση επιφάνεια κυρτότητας του πτερυγίου,
κ.ο.κ.
Στη σχέση που ακολουθεί εισάγονται συντελεστές βάρους wi,k, όπου ο δεύτε-

ρος δείκτης αφορά στην ομάδα (k = 1, ..., K) στην οποία εντάχθηκε η αντίστοιχη
μεταβλητή σχεδιασμού xj. Κάθε νέος σχεδιασμός (άρα και ο ζητούμενος βέλτιστος)
προκύπτει ως

xnew
j = Φ−1

j (

∑m
i=1 wi,kΦj(x

i
j)∑m

i=1 wi,k

) (3.2)

όπου Φj η σιγμοειδής αθροιστική συνάρτηση κανονικής κατανομής για την j, δηλαδή
η

Φj(x) =
1

σj
2
√
2π

∫ x

−∞
exp(
−(u− µj)

2

2σ2
j

)du (3.3)

ενώ τα σj και µj υπολογίζονται από τη σχέση 3.1. Στο σημείο αυτό αξίζει να τονισθεί
η διάκριση στα χρησιμοποιούμενα σύμβολα. Υπενθυμίζεται ότι xi

j (i = 1, ...,m και
j = 1, ..., N) συμβολίστηκε η τιμή της j μεταβλητής σχεδιασμού σύμφωνα με την
παραμετροποίηση της σχεδιαζόμενης μορφής για τον i-ιοστό σχεδιασμό βάσης. Αντι-
θέτως, οι νέες μεταβλητές που θα χειριστεί ο ΕΑ («μεταβλητές βελτιστοποίησης»)
συμβολίζονται με wi,k και είναι mK σε πλήθος. Σε αυτές, προστίθεται προαιρετικά
μια ακόμη μεταβλητή, η Ψ.

21



3. Σχεδιασμός στη Βάση Αρχειοθετημένης Γνώσης
Η προαιρετική μεταβλητή προεκβολής (Ψ) δίνει την επιπλέον δυνατότητα δη-

μιουργίας νέων σχεδιασμών και εκτός του εύρους µj ± 3σj, (40). Χρησιμοποιώντας
τη μεταβλητή αυτή, τα σj (που υπολογίστηκαν από τη 3.1, τα οποία στη συνέχεια
θα συμβολίζονται με σcomputed

j για να διακρίνονται από τα τελικά σj τα οποία θα
προκύψουν τελικά απο τη σχέση 3.4) υπολογίζονται από την

 σ1
...
σN

 = Ψ

 σcomputed
1
...

σcomputed
N

 (3.4)

και είναι αυτά που θα χρησιμοποιηθούν για το σχηματισμό των νέων σχεδιασμών.
Ο αριθμός των μεταβλητών βελτιστοποίησης που προκύπτει, ισούται με mK+1,

συνυπολογίζοντας και την προαιρετική μεταβλητή Ψ.

3.2 Εφαρμογή: Σχεδιασμός 2Δ πτερύγωσης
συμπιεστή

Η προτεινόμενη μέθοδος πιστοποιείται στο σχεδιασμό της αεροτομής 2Δ πτε-
ρύγωσης συμπιεστή. Η πτερύγωση λειτουργεί σε αριθμό Mach εισόδου M1 = 0.54,
γωνία εισόδου ροήςa1 = 44o και αριθμό Reynolds της ροής βασισμένο στη χορδή
c ίσο με Re = 4 × 105. Στόχος της βελτιστοποίησης είναι η ελαχιστοποίηση των
απωλειών ολικής πίεσης Pt, στη μορφή του ομώνυμου συντελεστή

ω =
pt1 − pt2
pt1 − p1

(3.5)

όπου ο δείκτης 1 υποδηλώνει την είσοδο ενώ ο δείκτης 2 την έξοδο της πτερύγωσης.
Η προς σχεδιασμό αεροτομή υπόκειται σε γεωμετρικούς περιορισμούς που αφο-

ρούν στο ελάχιστο επιτρεπόμενο πάχος της σε διάφορες θέσεις. Στις θέσεις 0.3c,
0.6c και 0.9c, όπου c είναι το μήκος της αεροτομής, το ελάχιστο επιτρεπτό πάχος
της αεροτομής είναι 0.10c, 0.08c και 0.01c, αντίστοιχα. Επίσης, η προς σχεδιασμό
αεροτομή απαιτείται να προκαλεί στροφή της ροής ∆a = |a2 − a1| μεγαλύτερη των
30o. Η παραμετροποίηση υλοποιείται χωριστά για τη μέση γραμμή κυρτότητας και
την κατανομή πάχους και χρησιμοποιεί 27 μεταβλητές σχεδιασμού. Κατά τον επι-
χειρούμενο με KBD σχεδιασμό, το διάνυσμα μεταβλητών σχεδιασμού χωρίζεται σε
τρεις ομάδες (K = 3) ως εξής: i) αυτές που ελέγχουν το σχήμα της μέσης γραμμής
κυρτότητας ii) αυτές που ελέγχουν την κατανομή πάχους στην πλευρά υπερπίεσης
και iii) αυτές που ελέγχουν την κατανομή πάχους στην πλευρά υποπίεσης. Στη
διάθεσή του σχεδιαστή υπάρχουν m = 4 αρχειοθετημένοι σχεδιασμοί που χρησι-
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3.2 Εφαρμογή: Σχεδιασμός 2Δ πτερύγωσης συμπιεστή
μοποιούνται ως γεωμετρίες βάσης. Τελικώς, οι μεταβλητές βελτιστοποίησης είναι
mK+1 = 13 και αυτές, αντί των 27, χειρίζεται ο ΕΑ. Λογισμικό αξιολόγησης είναι
μια ολοκληρωματική μέθοδος επίλυσης των συνεκτικών στρωμάτων, σε συνδυασμό
με επιλύτη των εξισώσεων Euler για την εξωτερική ροή, (12).
Οι επιδόσεις τωνm=4 σχεδιασμών βάσης (σχήμα 3.1) στις επιθυμητές συνθήκες

ροής μαζί με την προκαλούμενη στροφή της ροής έχουν ως εξής:

• Σχεδιασμός βάσης B1: ω = 0.0207 και ∆a = 36.3o.

• Σχεδιασμός βάσης B2: ω = 0.0278 και ∆a = 27.8o.

• Σχεδιασμός βάσης B3: ω = 0.0201 και ∆a = 37.5o.

• Σχεδιασμός βάσης B4: ω = 0.0237 και ∆a = 33.1o.
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Σχήμα 3.1: Σχεδιασμός 2Δ πτέρυγωσης συμπιεστή: Οι 4 αεροτομές που χρησιμο-
ποιήθηκαν ως σχεδιασμοί βάσης κατά την εφαρμογή της μεθόδου KBD, τοποθετημένες
στην επιθυμητή γωνία κλίσης της πτερύγωσης.

Παρατηρείται ότι και οι 4 σχεδιασμοί βάσης, όταν χρησιμοποιηθούν στις επιθυμη-
τές συνθήκες ροής αντί των συνθηκών για της οποίες είχαν σχεδιαστή (περιγράφο-
νται στο πλήρες κείμενο), έχουν σχετικά μεγάλες τιμές απωλειών ω. Επιπροσθέτως,
ο σχεδιασμός β, δεν σέβεται τον περιορισμό στροφής της ροής. Και οι 4 σχεδιασμοί
βάσης σέβονται, από σύμπτωση ενδεχομένως, τους γεωμετρικούς περιορισμούς.
Για τη μελέτη των επιδράσεων που έχει η χρήση της μεθόδου KBD τόσο στην

εξέλιξη αυτή καθαυτή όσο και στη χρήση μεταπροτύπων κατά τη διαδικασία της
βελτιστοποίησης, πραγματοποιήθηκαν 4 ξεχωριστές διαδικασίες βελτιστοποίησης.
Η πρώτη έκανε χρήση του κλασικού ΕΑ, η δεύτερη ενός ΕΑ υποβοηθούμενου από
μεταπρότυπα (MAEA), η τρίτη ενός ΕΑ με KBD (KBD-EA) και, τέλος, η τέταρ-
τη ενός MAEA με KBD (KBD-MAEA). Λεπτομερής περιγραφή των παραμέτρων
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3. Σχεδιασμός στη Βάση Αρχειοθετημένης Γνώσης
εξέλιξης που χρησιμοποιήθηκαν υπάρχει στο πλήρες κείμενο της διατριβής, στο α-
ντίστοιχο κεφάλαιο. Είναι όμως σημαντικό να αναφερθεί ότι οι 27 μεταβλητές σχε-
διασμού που χρησιμοποιήθηκαν στις δύο πρώτες μεθόδους, σύμφωνα με την παραμε-
τροποίηση της γεωμετρίας με NURBS, έδωσαν τη θέση τους σε μόνο 13 μεταβλητές
βελτιστοποίησης κατά την εφαρμογή των δύο τελευταίων. Οι πορείες σύγκλισης των
προαναφερθεισών διαδικασιών βελτιστοποίησης συγκεντρώνονται στο σχήμα 3.2.
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Σχήμα 3.2: Σχεδιασμός 2Δ πτέρυγωσης συμπιεστή: Πορείες σύγκλισης των ΕΑ,
MAEA, KBD-EA και KBD-MAEA. Ο οριζόντιος άξονας αντιστοιχεί σε κλήσεις στο
λογισμικό ΥΡΔ. Η εκπαίδευση των μεταπροτύπων έχει μηδενικό πρόσθετο κόστος.

Παρατηρείται ότι η χρήση μεταπροτύπων στον ΕΑ (ή ΜΑΕΑ) χωρίς επιπρόσθετη
χρήση KBD δεν απέφερε κέρδος. Αυτό, κατά μεγάλο βαθμό, οφείλεται στο σχετικά
πολύ μεγάλο εύρος του χώρου σχεδιασμού. Ακόμη, παρατηρείται η καθολική υπε-
ροχή της μεθόδου KBD-EA συγκριτικά με τον κλασικό ΕΑ, αποδεικνύοντας έτσι
την επιτάχυνση της εξέλιξης όταν χρησιμοποιούνται οι νέες μεταβλητές βελτιστο-
ποίησης (μειωμένος αριθμός και εισαγωγή σημαντικότητας στις περιοχές του χώρου
σχεδιασμού). Επίσης, παρατηρείται η επανεμφάνιση του «απωλεσθέντος» κέρδους
λόγω της χρήσης μεταπροτύπων κατά τη διαδικασία της ΠΠΑ στον KBD-MAEA.
Τα παραπάνω συνηγορούν στην αξία της μεθόδου KBD, είτε αυτή χρησιμοποιείται
μαζί με τον ΕΑ ή το ΜΑΕΑ.
Η βέλτιστη αεροτομή που υπολογίστηκε από τον KBD-MAEA παρουσιάζεται

στο σχήμα 3.3. ΄Εχει απώλειες ολικής πίεσης ω = 0.01834, τιμή αρκετά μικρότερη
από όλους τους σχεδιασμούς βάσης. Επίσης ικανοποιεί όλους του περιορισμούς και
επιφέρει στροφή της ροής ίση με ∆a = 30.2o.
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Σχήμα 3.3: Σχεδιασμός 2Δ πτέρυγωσης συμπιεστή: Η βέλτιστη αεροτομή η οποία
υπολογίστηκε από τη μέθοδο KBD-MAEA. Η μέση γραμμή (πάνω) και οι κατανο-
μές πάχους (κέντρο) για τις πλευρές υπερπίεσης και υποπίεσης, μαζί με τα πολύγωνα
ελέγχου των πολυωνύμων NURBS που τις παρήγαγαν. Η βέλτιστη αεροτομή, τοποθε-
τημένη στην επιθυμητή γωνία κλίσης της πτερύγωσης (κάτω). Η αεροτομή ικανοποιεί
όλους τους τεθέντες περιορισμούς.
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Κεφάλαιο 4

ΕΑ και ΜΑΕΑ Υποβοηθούμενοι
από Ανάλυση Κυρίων
Συνιστωσών

Το κεφάλαιο αυτό παρουσιάζει τρόπους με τους οποίους μπορεί να μειωθεί ση-
μαντικά ο χρόνος βελτιστοποίησης με χρήση ΕΑ ή παραλλαγών αυτών και, μάλι-
στα, υπερθετικά στη μείωση που επιφέρουν διάφοροι άλλοι ήδη γνωστοί τρόποι,
όπως λ.χ. η προσεγγιστική προ-αξιολόγηση με μεταπρότυπα, κτλ.. Οι προτεινόμενοι
τρόποι ενδείκνυνται για προβλήματα με μεγάλο αριθμό μεταβλητών σχεδιασμού και
συνάρτηση κόστους Φ που είναι μη-διαχωρίσιμη (και ανισότροπη) ως προς τις μετα-
βλητές σχεδιασμού (21, 49, 50). Τα προβλήματα αυτά θα αναφέρονται ως «κακώς-
τοποθετημένα» και προκαλούν μεγάλη καθυστέρηση στο ρυθμό σύγκλισης των ΕΑ
ή των ΜΑΕΑ.
Τα «κακώς-τοποθετημένα» προβλήματα έχουν σχέση με τον τρόπο που οι με-

ταβλητές σχεδιασμού ενός προβλήματος συσχετίζονται με συνάρτηση κόστους Φ.
Συνυφασμένες άμεσα με το πρόβλημα είναι οι έννοιες της ισότροπης ή μη-ισότροπης
επίδρασης των μεταβολών τιμής των μεταβλητών σχεδιασμού στη μεταβολή τι-
μής της Φ και, κυρίως, του διαχωρίσιμου της. Η διαχείριση μιας μη-διαχωρίσιμης,
μη-ισότροπης συνάρτησης-στόχου Φ κάνει το πρόβλημα βελτιστοποίησης «κακώς-
τοποθετημένο». Τα μεγάλης διάστασης (N˝) «κακώς-τοποθετημένα» προβλήματα
βελτιστοποίησης χαρακτηρίζονται από μεγάλο κόστος επίλυσης μέσω των ΕΑ αλλά,
ακόμη, και των ΜΑΕΑ. Επειδή δε τα περισσότερα βιομηχανικά προβλήματα ανήκουν
σε αυτήν την κατηγορία, η επιθυμία για μείωση του κόστους επίλυσής τους είναι
τεράστια. Οι έννοιες της ισοτροπίας και του διαχωρίσιμου, καθώς και η επίδρασή
τους στους ΕΑ, αναλύονται στην επόμενη ενότητα αυτού του κεφαλαίου. Από μα-
θηματικής σκοπιάς, ο εντοπισμός του τρόπου συσχέτισης της Φ με τις μεταβλητές
σχεδιασμού υλοποιείται με την Ανάλυση σε Κύριες Συνιστώσες (ΑσΚΣ, Principal
Component Analysis ή PCA) (29). Το κόστος χρήσης της ΑσΚΣ για τους σκοπούς
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του κεφαλαίου αυτού είναι το κόστος επίλυσης ιδιοπροβλημάτων μικρής διάστασης
και κρίνεται, ως εκ τούτου, πάρα πολύ μικρό. Γίνεται, μάλιστα, αμελητέο όταν ο ΕΑ
ή ο ΜΑΕΑ χρησιμοποιεί υψηλού κόστους λογισμικό αξιολόγησης των υποψήφιων
λύσεων, όπως λ.χ. κώδικες ΥΡΔ.
Το κεφάλαιο αυτό προτείνει και πιστοποιεί, ως προς την αποδοτικότητα τους, δύο

τρόπους εκμετάλλευσης των συσχετίσεων των μεταβλητών σχεδιασμού (ως προς τη
Φ) που εντοπίζει η ΑσΚΣ ή PCA. Ο πρώτος τρόπος σχετίζεται με την τροποποίηση
των εξελικτικών τελεστών και θα αναφέρεται ως ΕΑ(PCA) ή ΜΑΕΑ(PCA) (44). Ο
δεύτερος τρόπος σχετίζεται με τη χρήση μεταπροτύπων στο ΜΑΕΑ. Συγκεκριμένα,
χρησιμοποιεί την πληροφορία που παρέχει η ΑσΚΣ κατά την ΠΠΑ των υποψήφιων
λύσεων με μεταπρότυπα, ώστε τα τελευταία να εκπαιδεύονται με μικρό αριθμό ση-
μαντικών εισόδων. Η μείωση αυτή του πλήθους εισόδων των μεταπροτύπων αυξάνει
την αξιοπιστία τους, επιτρέπει τη χρήση τους νωρίτερα στο ΜΑΕΑ και επιφέρει υπο-
λογιστικό κέρδος. Ο δεύτερος αυτός τρόπος θα αναφέρεται ως Μ(PCA)ΑΕΑ. Στο
ακρωνύμιο αυτό, ο προσδιορισμός PCA τοποθετείται μετά το Μ (Μ=metamodel,
μεταπρότυπο) για να φανεί ακριβώς το που χρησιμοποιείται. Προφανώς, οι δύο τρόποι
μπορούν να χρησιμοποιηθούν συνδυαστικά, σε μια νέα μέθοδο που θα αποκαλείται
Μ(PCA)ΑΕΑ(PCA).
Στο δεύτερο τμήμα του κεφαλαίου αυτού, οι προτεινόμενες τεχνικές πιστοποι-

ούνται σε προβλήματα ελαχιστοποίησης κακώς-τοποθετημένων μαθηματικών συναρ-
τήσεων. Στη συνέχεια, εκτίμηση του αναμενόμενου κέρδους γίνεται και σε ένα
πρόβλημα σχεδιασμού-βελτιστοποίησης της μορφής της αεροτομής μιας 2Δ πτε-
ρύγωσης συμπιεστή. Βιομηχανικού ενδιαφέροντος εφαρμογές των προτεινόμενων
μεθόδων παρουσιάζονται σε επόμενα κεφάλαια.

4.1 Δυσκολίες λόγω Ιδιαιτερότητας της Συ-
νάρτησης Κόστους

΄Ενα πρόβλημα βελτιστοποίησης αναφέρεται ως «κακώς τοποθετημένο» αν πα-
ρουσιάζει συνδυασμό δύο ιδιαιτεροτήτων της συνάρτησης-κόστους Φ (σχήμα 4.1):
α) τη μη-ισότροπη συνεισφορά των μεταβλητών σχεδιασμού στη συνάρτηση κόστους
και β) το μη-διαχωρίσιμο της Φ.
Μη-ισότροπη συνεισφορά των μεταβλητών σχεδιασμού στη συνάρτηση-κόστους

υπάρχει όταν ισόποσες μεταβολές των μεταβλητών σχεδιασμού δεν επιφέρουν ισόπο-
σες μεταβολές στην τιμή της Φ. Μια συνάρτηση κόστους Φ ονομάζεται διαχωρίσιμη
ως προς τη μεταβλητή σχεδιασμού xi αν η βέλτιστη τιμή του xi είναι ανεξάρτητη
των τιμών των υπολοίπων μεταβλητών σχεδιασμού. Η Φ ονομάζεται διαχωρίσιμη αν
είναι διαχωρίσιμη ως προς όλες τις μεταβλητές σχεδιασμού.
Η επίδραση των παραπάνω χαρακτηριστικών στη συνάρτηση-στόχου f σε ένα

πρόβλημα βελτιστοποίησης, όταν αυτό επιλύεται με ΕΑ, διερευνάται μέσω δύο προ-
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Σχήμα 4.1: Πρόβλημα βελτιστοποίησης με μη-ισότροπη συνεισφορά των μεταβλη-
τών σχεδιασμού στην f (αριστερά). Πρόκειται για ισοϋψείς της f της σχέσης 4.1 για
Ν=2. Η μεταβλητή x2 συνεισφέρει σε μεγαλύτερο βαθμό στην f από ότι η x1. Α-
πό την άλλη πλευρά, η f είναι διαχωρίσιμη, άρα το πρόβλημα, ουσιαστικά δεν είναι
«κακώς τοποθετημένο». Πρόβλημα βελτιστοποίησης με μη-ισότροπη συνεισφορά των
μεταβλητών σχεδιασμού και μη-διαχωρίσιμες μεταβλητές σχεδιασμού ως προς την f
(δεξιά). Πρόκειται για ισοϋψείς της f της σχέσης 4.2 για Ν=2. Η βέλτιστη τιμή της x1
εξαρτάται πλέον από τη x2 και αντιστρόφως. ΄Αρα, το πρόβλημα βελτιστοποίησης είναι
πλέον «κακώς τοποθετημένο», κάτι που θα φανεί ιδιαίτερα λύνοντας το για μεγάλες
τιμές του Ν.

βλημάτων μαθηματικής βελτιστοποίησης επιλεγμένων ώστε να εμπίπτουν σε αυτήν
την κατηγορία. Σκοπός της διερεύνησης είναι να δειχθεί ότι, αν το ίδιο πρόβλη-
μα βελτιστοποίησης επαναδιατυπωθεί ως προς νέες μεταβλητές σχεδιασμού, ίδιου
πλήθους, ως προς τις οποίες η υπόψη συνάρτηση κόστους είναι πλέον διαχωρίσιμη,
ο ΕΑ εντοπίζει τη βέλτιστη λύση σε πολύ μικρότερο αριθμό αξιολογήσεων.
Το πρώτο πρόβλημα αφορά ελαχιστοποίηση ενός πολυδιάστατου ελλειψοειδούς

(η 2Δ μορφή του παρουσιάζεται στο σχήμα 4.1). Η διαχωρίσιμη μορφή του περι-
γράφεται από τη σχέση

Φ = f(~x) =
N∑
i=1

a
i−1
N−1x2

i (4.1)

όπου a είναι, πρακτικά, ο ο αριθμός κατάστασης της συνάρτησης. Μεγάλες τιμές
της ποσότητας a (a >> 1) ενισχύουν τη μη-ισότροπη συνεισφορά των μεταβλητών
σχεδιασμού στην f .
Εναλλακτικά, μια μη-διαχωρίσιμη μορφή του ίδιου προβλήματος μπορεί να διατυ-
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πωθεί ως

Φ = f(~x) =
N∑
i=1

a
i−1
N−1y2i (4.2)

όπου ~y = B~x και B ένα (N ×N) μητρώο στροφής. Η σύγκριση των σχέσεων 4.1
και 4.2 φαίνεται εποπτικά, για Ν=2, στο σχήμα 4.1. Ουσιαστικά, οι σχέσεις 4.1 και
4.2 αναφέρονται στο ίδιο πρόβλημα ελαχιστοποίησης, με τη μορφή 4.1 να πλεονεκτεί
της 4.2 όταν η επίλυση γίνεται με ΕΑ ή ΜΑΕΑ.
Η δεύτερη περίπτωση μαθηματικής βελτιστοποίησης αφορά στην ελαχιστοποίηση

της πολυτροπικής (με πολλά τοπικά ακρότατα) συνάρτησης

Φ = f(~x) = 10N + (
N∑
i=1

xi)
2 − 10Ncos(π

N∑
i=1

xi) (4.3)

Η συνάρτηση 4.3 αποτελεί τη μη-διαχωρίσιμη εκδοχή του προβλήματος βελτι-
στοποίησης. Η αντίστοιχη διαχωρίσιμη εκδοχή υπάρχει και προκύπτει, όμοια με την
περίπτωση του ελλειψοειδούς, αν το ~x αντικατασταθεί απο το ~y όπου ~y = B~x και
B κατάλληλο μητρώο στροφής. Η συνάρτηση 4.3, έχοντας, στην πραγματικότητα,
μόνο μια σημαντική κατεύθυνση στο χώρο σχεδιασμού (

∑N
i=1 xi), ανήκει στην κα-

τηγορία των συναρτήσεων με εξαιρετικά μη-ισότροπη συνεισφορά των μεταβλητών
σχεδιασμού στην f (ως εάν a =∞ στο προηγούμενο παράδειγμα).
Συγκριτικές πορείες σύγκλισης μεταξύ διαχωρίσιμης και μη-διαχωρίσιμης εκδο-

χής του 30Δ (N =30) ελλειψοειδούς και της συνάρτησης 4.3 παρουσιάζονται στο
σχήμα 4.2. Οι πορείες σύγκλισης απεικονίζουν μέσες τιμές υπολογισμένες για 10
διαφορετικά τρεξίματα ΕΑ, με διαφορετική αρχικοποίηση της γεννήτριας τυχαίων
αριθμών. Παρατηρείται ότι, και στις δύο περιπτώσεις η διαχωρίσιμη εκδοχή των προ-
βλημάτων υπερτερεί σημαντικά σε ταχύτητα της μη-διαχωρίσιμης εκδοχής αυτών.
Το κέρδος είναι σημαντικά μεγαλύτερο στην περίπτωση όπου a =∞.

4.2 Η Προτεινόμενη ΑσΚΣ

Η προτεινόμενη μέθοδος κάνει χρήση της ΑσΚΣ για να υπολογίσει χρήσιμα
τοπολογικά χαρακτηριστικά του συνόλου των επιλέκτων τα οποία και θεωρούνται
αντιπροσωπευτικά των συσχετίσεων της f ως προς τις μεταβλητές σχεδιασμού. Πιο
αναλυτικά, αφού το σύνολο των επιλέκτων μετατραπεί σε ένα τυποποιημένο σύνολο
δεδομένων Χ, (7), δημιουργείται ο πίνακας συνδιακύμανσης PN×N από τη σχέση

PN×N =
1

e
XXT (4.4)
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4.3 Εξελικτικοί Τελεστές Υποβοηθούμενοι από ΑσΚΣ
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Σχήμα 4.2: Πορείες σύγκλισης ΕΑ για το 30Δ ελλειψοειδές με αριθμό κατάστασης
(με a = 1000) (αριστερά) και για την 30Δ συνάρτηση της σχέσης 4.3 (ως εάν a =∞
στο προηγούμενο παράδειγμα) (δεξιά). Κάθε πρόβλημα λύνεται 10 φορές στη διαχω-
ρίσιμη και άλλες 10 στη μη-διαχωρίσιμη εκδοχή του και σχεδιάζεται η μέση πορεία
σύγκλισης κάθε εκδοχής.

όπου e το πλήθος των επιλέκτων P g
e και X ο πίνακας που έχει ως γραμμές τα

διανύσματα σχεδιασμού που συνθέτουν το P g
e σε μορφή τυποποιημένου συνόλου

δεδομένων.
Κάνοντας χρήση του φασματικού θεωρήματος αποσύνθεσης (spectral decom-

position theorem), (7, 14), ο PN×N μπορεί να γραφεί ως

PN×N = UΛUT (4.5)

όπου Λ= diag(λ1, ..., λN) το διαγώνιο μητρώο των ιδιοτιμών και U το N×N μη-
τρώο των ιδιοδιανυσμάτων. Τα υπολογισθέντα ιδιοδιανύσματα (σχήμα 4.3) είναι οι
κατευθύνσεις στο χώρο σχεδιασμού ως προς τις οποίες η f είναι, κατά το δυνα-
τό, διαχωρίσιμη. Αν ο ΕΑ χειριζόταν αγνώστους αναδιατυπωμένους σε αυτές τις
κατευθύνσεις, το πρόβλημα βελτιστοποίησης θα μετατρεπόταν σε «λιγότερο μη-
διαχωρίσιμο» και, άρα, θα επιλυόταν με μικρότερο υπολογιστικό κόστος. Αυτήν
την ιδέα υλοποιεί η προτεινόμενη μέθοδος.

4.3 Εξελικτικοί Τελεστές Υποβοηθούμενοι α-
πό ΑσΚΣ

Με στόχο την επαναδιατύπωση του προβλήματος βελτιστοποίησης, χρησιμοποι-
ώντας την πληροφορία που έδωσε ΑσΚΣ για την υπόψη f , η παρούσα διατριβή
προτείνει την εφαρμογή των τελεστών εξέλιξης (μετάλλαξης και διασταύρωσης),
στο ευθυγραμμισμένο με τις νέες μεταβλητές σχεδιασμού που ανέδειξε η ΑσΚΣ.
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Σχήμα 4.3: Κατανομή της f (ή της βαθμωτής Φ από λ.χ. τη διαδικασία SPEA2,
για κάποια γενιά του ΕΑ, σε προβλήματα πολυκριτηριακής βελτιστοποίησης) στο χώρο
σχεδιασμού (αριστερά). Το σύνολο των επίλεκτων P g

e , για τη δεδομένη γενιά, και οι
νέες κατευθύνσεις, στον χώρο σχεδιασμού, λ1 και λ2, που ανέδειξε η ΑσΚΣ (αριστε-
ρά).

Με αυτήν την τακτική, η εξέλιξη λαμβάνει χώρα στο μετασχηματισμένο και κατά
το δυνατό διαχωρίσιμο πρόβλημα βελτιστοποίησης, έχοντας σκοπό να ανακτήσει
το (κατά το δυνατό) μεγαλύτερο ποσοστό απώλειας της απόδοσης του ΕΑ (σχήμα
4.2), που προκαλεί το μη-διαχωρισμό της f . Πληροφορίες σχετικές με τις ΣΜΣ
προσδιορίζονται μέσω της ΑσΚΣ, η οποία επαναλαμβάνεται κάθε φορά που ένα νέο
άτομο προστίθεται στο σύνολο των επιλέκτων. Η αξιοπιστία των υπολογιζόμενων
ΣΜΣ ενισχύεται όσο το σύνολο των επιλέκτων προσεγγίζει το πραγματικό μέτωπο
Pareto.

4.3.1 Πιστοποίηση εξελικτικών τελεστών υποβοηθού-
μενων από ΑσΚΣ

Το κέρδος απο τη χρήση των εξελικτικών τελεστών στις νέες μεταβλητές σχε-
διασμού που ανέδειξε η ΑσΚΣ ποσοτικοποιείται στα προβλήματα μαθηματικής ελα-
χιστοποίησης του 30Δ ελλειψοειδούς (σχέση 4.1) και τις 30Δ πολυτροπικής συνάρ-
τησης (σχέση 4.3).
Οι πορείες σύγκλισης των ΕΑ και ΕΑ(PCA) για τις δύο αυτές συναρτήσεις πα-

ρουσιάζονται στο σχήμα 4.4. Οι καμπύλες αποτελούν, και πάλι, τις μέσες τιμές των
πορειών σύγκλισης που υπολογίσθηκαν τρέχοντας το ίδιο πρόβλημα 10 φορές, κάθε
φορά με διαφορετική αρχικοποίηση της γεννήτριας τυχαίων αριθμών. Παρατηρείται
ότι, και στα δύο προβλήματα, η χρήση των υποβοηθούμενων από την ΑσΚΣ τελε-
στών εξέλιξης υπερτερεί σημαντικά σε ταχύτητα και ανακτά ένα σημαντικό μέρος της
μειωμένης απόδοσης των ΕΑ όταν αυτοί χρησιμοποιούνται για να λύσουν «κακώς
τοποθετημένα» προβλήματα βελτιστοποίησης.
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Σχήμα 4.4: Πορείες σύγκλισης για το 30Δ ελλειψοειδές με αριθμό κατάστασης
(a=1000) (αριστερά) και την 30Δ συνάρτηση 4.3 (δεξιά). Η έντονη γραμμή παρουσι-
άζει την κατά πολύ βελτιωμένη σύγκλιση του ΕΑ στον οποίο οι εξελικτικοί τελεστές
εφαρμόστηκαν στις εντοπιζόμενες από την ΑσΚΣ διαχωρίσιμες μεταβλητές σχεδια-
σμού.

4.4 Μεταπρότυπα Υποβοηθούμενα από ΑσΚΣ

Η χρήση της ΑσΚΣ κατά τη διάρκεια εφαρμογής των τελεστών εξέλιξης δεν
είναι η μόνη τεχνική που αποδείχθηκε ιδιαίτερα αποδοτική. Στην παρούσα διατριβή,
προτείνεται επιπροσθέτως η χρήση των υπολογισθεισών, κατά την ΑσΚΣ, ιδιοτι-
μών ως μετρικών σημαντικότητας των κατευθύνσεων στο χώρο σχεδιασμού. Με
τον τρόπο αυτό, η εκπαίδευση των μεταπροτύπων ενός ΜΑΕΑ πραγματοποιείται σε
χώρο με αισθητά μειωμένη διάσταση. Τα μεταπρότυπα εκπαιδεύονται με μειωμένο
αριθμό εισόδων, κρατώντας και χρησιμοποιώντας μόνο τις σημαντικότερες κατευ-
θύνσεις στο χώρο σχεδιασμού που ανέδειξε η ΑσΚΣ και αποκόπτοντας τις λιγότερο
σημαντικές. Η σημαντικότητα ορίζεται ως αντιστρόφως ανάλογη της ιδιοτιμής κάθε
κατεύθυνσης στο χώρο σχεδιασμού.
Είναι εμφανές το πλεονέκτημα που επιφέρει η εκπαίδευση ενός μεταπροτύπου

μόνο με τη συνιστώσα λ2 (σχήμα 4.5 και 4.6), μιας και η κατά λ1 συνιστώσα εισάγει
ανεπιθύμητο θόρυβο και κάνει λιγότερο αξιόπιστη τη πρόβλεψη τόσο για την f1 όσο
και για την f2.

4.4.1 Πιστοποίηση του Μ(PCA)ΑΕΑ(PCA)

Η συνδυασμένη χρήση της ΑσΚΣ για να τροποποιήσει τους τελεστές εξέλιξης
αλλά και να βελτιώσει την αξιοπιστία των μεταπροτύπων, δηλαδή η τεχνική που συμ-
βολίζεται ως Μ(PCA)ΑΕΑ(PCA), πιστοποιείται στα προβλήματα ελαχιστοποίησης
του 30Δ ελλειψοειδούς (σχέση 4.1) και της 30Δ πολυτροπικής συνάρτησης (σχέση
4.3).
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Σχήμα 4.5: Εκτιμήσεις της τιμής της f1 αν οι λ1 (αριστερά) και λ2 (δεξιά) χρησι-
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Σχήμα 4.6: Εκτιμήσεις της τιμής της f2 αν οι λ1 (αριστερά) και λ2 (δεξιά) χρησι-
μοποιηθούν, ξεχωριστά, ως είσοδοι του δικτύου RBF.
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4.5 Εφαρμογή: Σχεδιασμός 2Δ Πτερύγωσης Συμπιεστή
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Σχήμα 4.7: Μέσες καμπύλες σύγκλισης παραλλαγών των ΕΑ ή ΜΑΕΑ, που χρησι-
μοποιούν ΑσΚΣ, για το 30Δ ελλειψοειδές με αριθμό κατάστασης a = 1000 (αριστερά),
και για την 30Δ συνάρτηση της σχέσης 4.3 (δεξιά).

Οι πορείες σύγκλισης των ΕΑ(PCA), ΜΑΕΑ(PCA) και
Μ(PCA)ΑΕΑ(PCA) για τα δύο αυτά προβλήματα παρουσιάζονται στο σχήμα 4.7.
Εκφράζουν και πάλι 10 τρεξίματα βελτιστοποίησης με διαφορετική αρχικοποίηση
της γεννήτριας τυχαίων αριθμών. Παρατηρείται ότι η επιπρόσθετη χρήση υποβοη-
θούμενων απο ΑσΚΣ μεταπροτύπων επιφέρει επιπλέον μείωση του υπολογιστικού
κόστους και στις δύο περιπτώσεις.

4.5 Εφαρμογή: Σχεδιασμός 2Δ Πτερύγωσης
Συμπιεστή

Οι προτεινόμενες σε αυτό το κεφάλαιο μέθοδοι πιστοποιούνται, επίσης, στο
σχεδιασμό-βελτιστοποίηση της αεροτομής μιας 2Δ πτερύγωσης συμπιεστή. Η πτε-
ρύγωση λειτουργεί σε M1 = 0.54, a1 = 44o και Re = 4×105 και στόχος είναι η
ελαχιστοποίηση του συντελεστή των απωλειών ολικής πίεσης (ω), σχέση 3.5, υπό
τους περιορισμούς ελάχιστου πάχους και ελάχιστης στροφής της ροής της ενότη-
τας 3.2. Χρησιμοποιείται το ίδιο λογισμικό αξιολόγησης. Η παραμετροποίηση της
αεροτομής ορίζει συνολικά 27 μεταβλητές σχεδιασμού.
Πραγματοποιήθηκαν δύο διαδικασίες βελτιστοποίησης, η πρώτη με τον προϋπάρ-

χοντα ΜΑΕΑ και η δεύτερη κάνοντας συνδυασμένη χρήση των δύο μεθόδων που
προτάθηκαν σε αυτό το κεφάλαιο, δηλαδή τη μέθοδο Μ(PCA)ΑΕΑ(PCA).
Οι πορείες σύγκλισης για τις δύο αυτές διαδικασίες παρουσιάζονται στο σχήμα

4.8, όπου είναι εμφανές το κέρδος που προκύπτει λόγω τόσο της ταχύτερης έναρξης
της διαδικασίας ΠΠΑ όσο και της αποδοτικότερης εξέλιξης λόγω των προσαρμο-
σμένων τελεστών εξέλιξης. Περισσότερες πληροφορίες για τη ρύθμιση των παρα-
μέτρων υπάρχουν στο πλήρες κείμενο της διατριβής.

35



4. ΕΑ και ΜΑΕΑ Υποβοηθούμενοι από Ανάλυση ΚυρίωνΣυνιστωσών
Η βέλτιστη αεροτομή, όπως αυτή προέκυψε από το συνδυασμό των προτεινόμε-

νων μεθόδων παρουσιάζεται στο σχήμα 4.9 και έχει απώλειες ω=0.01803 και στρο-
φή της ροής ∆a = 30o ενώ, παράλληλα, ικανοποιεί και όλους τους γεωμετρικούς
περιορισμούς.
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Σχήμα 4.8: Σχεδιασμός 2Δ πτερύγωσης συμπιεστή: Μέσες πορείες σύγκλισης α-
πό 10 τρεξίματα των ΜΑΕΑ, ΜΑΕΑ(PCA) και Μ(PCA)ΑΕΑ(PCA). Ως κριτήριο
τερματισμού τέθηκαν οι 1000 κλήσεις του λογισμικού ΥΡΔ.
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Σχήμα 4.9: Σχεδιασμός 2Δ πτερύγωσης συμπιεστή: Η βέλτιστη αεροτομή, η οποία
σχεδιάστηκε από το Μ(PCA)ΑΕΑ(PCA). Αριστερά: Η μέση γραμμή και οι κατανομές
πάχους για τις πλευρές υπερπίεσης και υποπίεσης, μαζί με τα πολύγωνα ελέγχου των
πολυωνύμων NURBS που τις παρήγαγαν. Δεξιά: Η βέλτιστη αεροτομή, τοποθετημένη
στην επιθυμητή γωνία κλίσης της πτερύγωσης. Η αεροτομή ικανοποιεί όλους τους
τεθέντες περιορισμούς.
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Κεφάλαιο 5

Βελτιστοποίηση Υδροδυναμικών
Στροβιλομηχανών

Σκοπός αυτού του κεφαλαίου είναι να παρουσιάσει το κέρδος, σε μείωση υπο-
λογιστικού κόστους, που επιτεύχθηκε από τη χρήση των προτεινόμενων σε αυτήν
τη διατριβή μεθόδων σε προβλήματα βιομηχανικής κλίμακας και, ειδικότερα, στο
σχεδιασμό υδροδυναμικών στροβιλομηχανών. Αναλυτικά θα παρουσιασθούν α) η
χρήση KBD κατά το σχεδιασμό-βελτιστοποίηση ενός υδροστροβίλου τύπου Francis
και β) η χρήση εξελικτικών τελεστών υποβοηθούμενων από ΑσΚΣ, δηλαδή της με-
θόδου που συμβολίζεται με ΜΑΕΑ(PCA) κατά το σχεδιασμό-βελτιστοποίηση ενός
υδροστροβίλου τύπου Hydromatrixr.
Η διαδικασία παραμετροποίησης και αξιολόγησης των υποψηφίων λύσεων (μέσω

της αριθμητικής επίλυσης των εξισώσεων Euler) είναι όμοια και για τους δύο τύπους
στροβιλομηχανών και παρουσιάζεται με λεπτομέρεια στο πλήρες κείμενο της διατρι-
βής.

΄Οπως θα φανεί στη συνέχεια, είναι επιθυμητό η βελτιστοποίηση να επιδιώξει
την ελαχιστοποίηση αρκετών διαφορετικών συναρτήσεων που εκφράζουν την ποι-
ότητα των σχεδιαζόμενων στροβιλομηχανών ή των συνιστωσών τους και, μάλιστα,
σε περισσότερα του ενός σημεία λειτουργίας. Παρότι υπάρχει η δυνατότητα το χρη-
σιμοποιούμενο λογισμικό βελτιστοποίησης (ΕΑ ή ΜΑΕΑ) να αναζητήσει μέτωπα
Pareto στον πολυδιάστατο χώρο, εν τούτοις, για πρακτικούς λόγους θα χρησιμο-
ποιηθούν ως συναρτήσεις κόστους κατάλληλοι συγκερασμοί των προαναφερθεισών
ποσοτήτων στα διάφορα σημεία λειτουργίας. ΄Ετσι, οι ποσότητες που μετρούν ποι-
ότητα, ως προς διάφορα χαρακτηριστικά, θα αναφέρονται ως «μετρικές ποιότητας»
(quality metrics) και δεσμεύεται η χρήση του όρου «συνάρτηση κόστους» για τις
συναρτήσεις που ελαχιστοποιούνται από τον ΕΑ ή τον ΜΑΕΑ ή κάθε παραλλαγή
τους. Οι τέσσερις μετρικές ποιότητας που χρησιμοποιούνται για να ποσοτικοποι-
ήσουν την ποιότητα κάθε υποψήφιας λύσης είναι:
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5. Βελτιστοποίηση Υδροδυναμικών Στροβιλομηχανών
• σ:Μετρική σπηλαίωσης η οποία εκφράζει την «απόσταση» από την κατάσταση
εμφάνισης του φαινομένου της σπηλαίωσης.

• Μ1: Μετρική καλής συνεργασίας με τον αγωγό απαγωγής, η οποία εκφράζει
την απόκλιση της κατανομής της περιφερειακής Cu και μεσημβρινής Cm συ-
νιστώσας της ταχύτητας στην είσοδο του αγωγού απαγωγής από κατανομές-
στόχους που θέτει ο σχεδιαστής. Επιδιώκεται, προφανώς, η ελαχιστοποίηση
των παραπάνω αποκλίσεων.

• Μ2: Μετρική ομοιόμορφης φόρτισης του πτερυγίου, μέσω της οποίας επιδι-
ώκεται η, κατά το δυνατό, ομοιομορφία της φόρτισης του πτερυγίου κατά την
κατεύθυνση της χορδής.

• Μ3: Μετρική επιφάνειας άντλησης. Στην περίπτωση μη-ρυθμιζόμενων υδρο-
δυναμικών μηχανών, όπως ο Hydromatrixr, δημιουργούνται περιοχές του
πτερυγίου της κινητής πτερύγωσης όπου η πλευρά υπερπίεσης έχει χαμηλότε-
ρη πίεση από την πλευρά υποπίεσης. Το φαινόμενο εμφανίζεται συνήθως κατά
τη λειτουργία σε μερικό φορτίο και είναι επιθυμητό η έκταση του να ελαχιστο-
ποιηθεί.

5.1 Βελτιστοποίηση Υδροστροβίλου Francis

Η ενότητα αυτή αναφέρεται στο σχεδιασμό-βελτιστοποίηση του δρομέα ενός υ-
δροστροβίλου Francis, κάνοντας χρήση της τεχνικής KBD. Ο σχεδιασμός συμπε-
ριλαμβάνει, για λόγους στιβαρότητας κατά τη λειτουργία, τρία σημεία λειτουργίας: τα
σημεία μερικού (ΜΦ) και πλήρους φορτίου (ΠΦ) και το σημείο μέγιστης απόδοσης
(ΜΑ). Στο πρόβλημα εμπλέκονται δύο συναρτήσεις-στόχοι ανά σημείο λειτουργίας,
οριζόμενες μέσω των μετρικών M1 και M2, ως εξής

f i
1 = M i

1 & f i
2 = M i

2 (5.1)

όπου ο άνω δείκτης i = 1, 2, 3 χαρακτηρίζει το σημείο λειτουργίας.
Οι προαναφερθέντες 2× 3 = 6 συναρτήσεις-στόχοι ομαδοποιούνται σε 2 συναρ-

τήσεις κόστους με τη σχέση

f1 =
3∑

i=1

wif
i
1 & f2 =

3∑
i=1

wif
i
2 (5.2)

όπου wi καθοριζόμενος συντελεστής βάρους ανά σημείο λειτουργίας (πίνακας 5.1).
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5.1 Βελτιστοποίηση Υδροστροβίλου Francis

Σημείο Λειτουργίας Βάρος (wi)
Μέγιστης Απόδοσης (ΜΑ), i = 1 1.0
Μερικού Φορτίου (ΜΦ), i = 2 0.3
Πλήρους Φορτίου (ΠΦ), i = 3 0.3

Πίνακας 5.1: Βελτιστοποίηση υδροστροβίλου Francis: Συντελεστές Βαρύτητας
ανά σημείο λειτουργίας.

Ο υδροστρόβιλος Francis έχει ρυθμιζόμενα οδηγά περύγια άρα η μετρική της
επιφάνειας άντλησης (M3) δεν χρειάζεται να χρησιμοποιηθεί. ΄Ετσι όπως διατυπώθη-
κε το πρόβλημα, η μετρική που αφορά στη σπηλαίωση (σ) αλλά και το επιθυμητό
υδραυλικό ύψος (Η) χρησιμοποιήθηκαν ως περιορισμοί (πίνακας 5.2).

Σημείο Λειτουργίας σHist
i < σ Υδραυλικό ύψος

ΜΑ σHist
i < 0.2 |∆H| < 1.5%

ΜΦ σHist
i < 0.2 |∆H| < 5%

ΠΦ σHist
i < 0.2 |∆H| < 5%

Πίνακας 5.2: Βελτιστοποίηση υδροστροβίλου Francis: Τεθέντες περιορισμοί, σχε-
τικοί με τη σπηλαίωση (στη μορφή της μετρικής σ, ορισμός του σHist

i υπάρχει στο
πλήρες κείμενο της διατριβής) και το υδραυλικό ύψος Η, στα τρία σημεία λειτουργίας.
Η ποσότητα |∆H| εκφράζει την απόλυτη τιμή της διαφοράς του ύψους Η από την ε-
πιθυμητή τιμή αυτού στο κάθε σημείο λειτουργίας. Με τις χρησιμοποιούμενες οριακές
συνθήκες, η ανάλυση της ροής στο δρομέα με λογισμικό ΥΡΔ έχει ως εξαγόμενο το
υδραυλικό ύψος Η το οποίο, σε κάθε σημείο λειτουργίας, οφείλει να έχει δεδομένη
τιμή, με επιθυμητή ανοχή |∆H|.

Η γεωμετρία του προς βελτιστοποίηση δρομέα παραμετροποιείται με 336 μεταβλη-
τές σχεδιασμού, όπως αυτές παρουσιάζονται στο αντίστοιχο κεφάλαιο του πλήρους
κειμένου της διατριβής.

5.1.1 Αρχειοθετημένοι Σχεδιασμοί Βάσης

Για την υποστήριξη της διαδικασίας σχεδιασμού-βελτιστοποίησης με τη μέθοδο
KBD, εντοπίστηκαν τρεις (m = 3) αρχειοθετημένοι σχεδιασμοί, οι οποίοι σχεδι-
άστηκαν στο παρελθόν για «κοντινά», σε σχέση με το επιθυμητό, σημεία λειτουρ-
γίας. Αυτοί οι σχεδιασμοί χρησιμοποιούνται ως σχεδιασμοί βάσης κατά την εφαρμο-
γή της μεθόδου KBD. Οι επιδόσεις των σχεδιασμών βάσης στα επιθυμητά σημεία
λειτουργίας παρουσιάζονται στον πίνακα 5.3.
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5. Βελτιστοποίηση Υδροδυναμικών Στροβιλομηχανών
Σχεδιασμός ΣΛ M1 M2 σHist

i |∆H|
Βάσης
Β1 ΜΑ 0.472 0.538 0.21 > 0.2 * 5% > 1.5% *
Β1 ΜΦ 0.552 0.824 0.23 > 0.2 * 3.6% < 5%
Β1 ΠΦ 0.408 0.594 0.2 = 0.2 5.7% > 5% *

Β2 ΜΑ 0.563 0.922 0.22 > 0.2 * 3.8% > 1.5% *
Β2 ΜΦ 0.534 0.888 0.24 > 0.2 * 2.6% < 5%
Β2 ΠΦ 0.522 1.178 0.22 > 0.2 * 4.8% < 5%

Β3 ΜΑ 0.402 0.663 0.19 < 0.2 6.8% > 1.5% *
Β3 ΜΦ 0.515 0.808 0.21 > 0.2 * 6.9% > 5% *
Β3 ΠΦ 0.257 0.896 0.18 < 0.2 7.1% > 5% *

Πίνακας 5.3: Βελτιστοποίηση Υδροστροβίλου Francis: Οι μετρικές ποιότητας (M1

καιM2) που σχηματίζουν τους στόχους και οι περιορισμοί (σ και |∆H|) για τους σχε-
διασμούς βάσης (B1, B2 και B3) για τα επιθυμητά σημεία λειτουργίας. Ο αστερίσκος
(*) στους περιορισμούς υποδηλώνει ότι ο υπόψη σχεδιασμός βάσης παραβιάζει τον
αντίστοιχο περιορισμό.

Η ποιότητα των σχεδιασμών βάσης, όταν αυτοί χρησιμοποιηθούν στα επιθυμητά
σημεία, είναι αρκετά κακή όπως φαίνεται στον πίνακα 5.3. Αυτό γίνεται ακόμη πιο εμ-
φανές από τα σχήματα 5.1, όπου φαίνεται η ανομοιομορφία φόρτισης των πτερυγίων
του δρομέα, και 5.2, όπου φαίνεται η μεγάλη απόκλιση από τις κατανομές-στόχους
της περιφερειακής και μεσημβρινής ταχύτητας στην έξοδο, άρα και η κακή συνεργα-
σία που θα είχαν με τον αγωγό απαγωγής.
Κατά την εφαρμογή της μεθόδου KBD, οι μεταβλητές σχεδιασμού ομαδοποι-

ούνται σε 6 ομάδες και, μαζί με τη μεταβλητή προεκβολής Ψ, δημιουργούν τις 19 (=
3×6+1) μεταβλητές βελτιστοποίησης. Η λεπτομερής ομαδοποίηση περιγράφεται στο
πλήρες κείμενο της διατριβής. Είναι, εκ των πραγμάτων, συγκριτικά πλεονεκτικότερη
η χρήση ΕΑ (ή ΜΑΕΑ) για την αναζήτηση του βέλτιστου συνόλου των 19, αντί
των 336 (της κανονικής παραμετροποίησης), μεταβλητών.

5.1.2 Αποτελέσματα - Συγκρίσεις

Ο σχεδιασμός πραγματοποιήθηκε κάνοντας χρήση ενός ΕΑ και ενός ΜΑΕ-
Α(KBD). Ο ρυθμός σύγκλισης των συναρτήσεων κόστους, σε κάθε περίπτωση
παρουσιάζεται στο σχήμα 5.3, όπου σχεδιάζεται ο δείκτης υπερόγκου (hypervol-
ume indicator, (52)). Στο συμβατικό ΕΑ ήταν ιδιαίτερα αναποτελεσματική η χρήση
μεταπροτύπων με αποδοτικό τρόπο λόγω του μεγάλου αριθμού μεταβλητών σχεδια-
σμού (336), όπως άλλωστε παρατηρήθηκε και κατά την εφαρμογή της ενότητας 3.2.
Αντίθετα, κάνοντας χρήση της μεθόδου KBD γίνεται ξανά δυνατή η χρήση μετα-
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5.1 Βελτιστοποίηση Υδροστροβίλου Francis
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Σχήμα 5.1: Βελτιστοποίηση υδροστροβίλου Francis: Κατανομές του συντελεστή
πίεσης Cp κατά μήκος της χορδής για τρεις χαρακτηριστικές καθ΄ ύψος θέσεις στο
πλήμνη , (hub), μέσο ύψος (mid-span) και στεφάνη (shroud) για τους σχεδιασμούς
βάσης, Β1 (πάνω-αριστερά), Β2 (πάνω-δεξιά) και Β3 (κάτω).

προτύπων μέσω της τεχνικής ΠΠΑ, η οποία ξεκινά όταν στη βάση δεδομένων του
ΜΑΕΑ αποθηκευθούν 150 (μη-τιμωρημένα με «ποινή θανάτου») άτομα. Η ρύθμιση
των παραμέτρων των δύο ΕΑ παρουσιάζεται στο πλήρες κείμενο της διατριβής. Και
στις δύο διαδικασίες βελτιστοποίησης, οι 3 σχεδιασμοί βάσης επιβάλλονται ως μέλη
του πληθυσμό της πρώτης γενιάς του ΕΑ.
Είναι εμφανές (σχήμα 5.3, αριστερά) ότι η προτεινόμενη μέθοδος, ΜΑΕΑ(KBD):

α) εκκινεί από υψηλότερη τιμή του δείκτη υπερόγκου κάτι που υποδηλώνει ότι ο
τρόπος καθορισμού σημαντικότητας στις περιοχές του χώρου σχεδιασμού είναι πολύ
κοντά στη φυσική του προβλήματος και β) συνεχίζει με συνεχώς καλύτερες τιμές για
όλη τη διάρκεια της βελτιστοποίησης. Η ανωτερότητα της μεθόδου KBD γίνεται α-
κόμη περισσότερο εμφανής παρατηρώντας τα τελικά μέτωπα των μη-κυριαρχούμενων
λύσεων τα οποία αντιστοιχούν στο ίδιο υπολογιστικό κόστος (1500 αξιολογήσεις)
(σχήμα 5.3, δεξιά). Τέλος, από το μέτωπο των μη-κυριαρχούμενων λύσεων που
προέκυψε από το ΜΑΕΑ(KBD), επιλέγεται το άτομο Α το οποίο και αναλύεται
περαιτέρω στη συνέχεια (σχήμα 5.4).
Οι κατανομές του συντελεστή πίεσης Cp σχεδιασμένες στις επιφάνειες του δρο-

μέα του σχεδιασμού Α, στα τρία σημεία λειτουργίας, παρουσιάζονται στο σχήμα
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Σχήμα 5.2: Βελτιστοποίηση υδροστροβίλου Francis: Κατανομές περιφερειακής
(Cu) και μεσημβρινής (Cm) συνιστώσας της ταχύτητας εξόδου για τους σχεδιασμούς
βάσης, Β1 (πάνω-αριστερά), Β2 (πάνω-δεξιά) και Β3 (κάτω) σε αντιπαραβολή με τις
αντίστοιχες κατανομές-στόχους που καθορίστηκαν από το σχεδιαστή.
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Σχήμα 5.3: Βελτιστοποίηση υδροστροβίλου Francis: Σύγκριση πορείας του δείκτη
υπερόγκου για τη δικριτηριακή βελτιστοποίηση με ΕΑ και ΜΑΕΑ(KBD) (αριστερά).
Μέτωπα μη-κυριαρχούμενων λύσεων (για Μ=2) για τους ΕΑ και ΜΑΕΑ(KBD) που
υπολογίστηκαν έχοντας ως κριτήριο τερματισμού τις 1500 αξιολογήσεις με το λογισμι-
κό ΥΡΔ (δεξιά).

5.5. Επιπλέον, για το σημείο ΜΑ, παρουσιάζονται και αναλυτικά οι κατανομές Cp

(σχήμα 5.6, αριστερά) σχεδιασμένες στο πλήμνη , (hub), στο μέσο ύψος (mid-span)
και στην στεφάνη (shroud) της πτερύγωσης. Είναι εμφανής η ποιότητα του σχεδια-
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5.1 Βελτιστοποίηση Υδροστροβίλου Francis

Σχήμα 5.4: Βελτιστοποίηση υδροστροβίλου Francis: Το πτερύγιο του δρομέα του
επιλεγμένου σχεδιασμού Α και οι τρεις σχεδιασμοί βάσης που χρησιμοποιήθηκαν.

Σχεδιασμός ΣΛ M1 M2 σHist
i |∆H|

Α ΜΑ 0.001 0.302 0.18 < 0.2 1.1% < 1.5%
Α ΜΦ 0.086 0.409 0.19 < 0.2 1.5% < 5%
Α ΠΦ 0.092 0.504 0.18 < 0.2 4.1% < 5%

Πίνακας 5.4: Βελτιστοποίηση υδροστροβίλου Francis: Οι μετρικές ποιότητας (M1

και M2) που σχηματίζουν τους στόχους και οι περιορισμοί (σ και |∆H|) για το σχε-
διασμό Α για τα τρία υπόψη σημεία λειτουργίας (ΜΑ, ΜΦ και ΠΦ). Ο σχεδιασμός Α
ικανοποιεί όλους τους περιορισμούς.

σμού τόσο όσον αφορά στην ισοκατανεμημένη φόρτιση όσο και στην ασφάλεια από
σπηλαίωση. Ακόμη, παρουσιάζονται κατανομές Cu και Cm στην έξοδο (σχήμα 5.6,
δεξιά) μαζί με τις κατανομές-στόχους.
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Σχήμα 5.5: Βελτιστοποίηση υδροστροβίλου Francis: Κατανομές Cp στο δρομέα
του σχεδιασμού Α στα τρία σημεία λειτουργίας: ΜΑ (πάνω-αριστερά), ΜΦ (πάνω-
δεξιά) και ΠΦ (κάτω).
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Σχήμα 5.6: Βελτιστοποίηση υδροστροβίλου Francis: Κατανομές Cp για το δρο-
μέα του σχεδιασμού Α στο σημείο ΜΑ (αριστερά). Κατανομές των συνιστωσών της
ταχύτητας εξόδου Cu και Cm για το σχεδιασμό Α στο σημείο ΜΑ (δεξιά).
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5.2 Βελτιστοποίηση Υδροστροβίλου Hydromatrixr
Η ενότητα αυτή παρουσιάζει το σχεδιασμό-βελτιστοποίηση ενός υδροστροβίλου

Hydromatrixr κάνοντας χρήση ΕΑ με τους υποβοηθούμενους από ΑσΚΣ εξελι-
κτικούς τελεστές, δηλαδή της μεθόδου που αναφέρεται ως ΜΑΕΑ(PCA). Ο σχε-
διασμός γίνεται σε τρία σημεία λειτουργίας: το σημείο μέγιστης απόδοσης (ΜΑ)
και τα σημεία πλήρους (ΠΦ) και μερικού (ΜΦ) φορτίου. Ο συνδυασμός των μετρι-
κών ποιότητας σε δύο στόχους ανά σημείο λειτουργίας γίνεται με άθροισμα μέσω
συντελεστών βαρύτητας (πίνακας 5.5), ως

f i
1 = αiM i

1 , f i
2 = βiM i

2 + γiσHist
i + δiM i

3 (5.3)

όπου ο άνω δείκτης i = 1, 2, 3 αναφέρεται στο σημείο λειτουργίας.

ΜΑ, i=1 ΜΦ, i=2 ΠΦ, i=3 Στόχος
α (M1) 1.0 0.0 0.0 f1
β (M2) 0.2 0.0 0.0 f2
γ (σHist

i ) 1.0 1.0 1.0 f2
δ (M3) 0.0 100.0 100.0 f2

Πίνακας 5.5: Βελτιστοποίηση υδροστροβίλου Hydromatrixr: Συντελεστές βα-
ρύτητας κατά την ομαδοποίηση των μετρικών σε δύο στόχους ανά σημείο λειτουργίας.

Ο συνδυασμός των συναρτήσεων-στόχων f i
1 και f

i
2 για όλα τα σημεία λειτουρ-

γίας σε δύο, τελικά, συναρτήσεις-κόστους (Μ=2) γίνεται μέσω των συντελεστών
βαρύτητας wi του πίνακα 5.6 ως

f1 =
3∑

i=1

wif
i
1 , f2 =

3∑
i=1

wif
i
2 (5.4)

Σημείο λειτουργίας wi

Μέγιστης Απόδοσης (ΜΑ), i=1 1.0
Μερικού Φορτίου (ΜΦ), i=2 0.1
Πλήρους Φορτίου (ΠΦ), i=3 0.1

Πίνακας 5.6: Βελτιστοποίηση υδροστροβίλου Hydromatrixr: Συντελεστές βα-
ρύτητας wi ανά σημείο λειτουργίας.
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5. Βελτιστοποίηση Υδροδυναμικών Στροβιλομηχανών
Στο παρόν πρόβλημα βελτιστοποίησης η μετρική που αφορά στη σπηλαίωση ανα-

βαθμίζεται από περιορισμό σε μια από τις συνιστώσες της f2. Επίσης, ο περιορισμός
που αφορά στη λειτουργία στο επιθυμητό σημείο λειτουργίας δεν υφίσταται για το
σημείο ΜΑ αφού, για κάθε υποψήφια λύση, πραγματοποιείται μια δεύτερη εσωτε-
ρική διαδικασία βελτιστοποίησης η οποία ρυθμίζει τη γωνία μετάλλου στην έξοδο
της σταθερής πτερύγωσης ούτως ώστε ο σχεδιασμός να λειτουργεί στο επιθυμη-
τό σημείο. Παρόλα αυτά, παραμένει απαραίτητη η χρήση του σχετικού περιορισμού
που αφορά στη λειτουργία στα υπόλοιπα δύο σημεία λειτουργίας. Συγκεκριμένα, ο
περιορισμός αυτός αφορά στην επιθυμητή παροχή όγκου, επιτρέποντας ποσοστιαία
απόκλιση της παροχής όγκου ρευστού |∆Q| < 5%, κατ΄ αντιστοιχία με τους περιο-
ρισμούς |∆H| της προηγούμενης ενότητας. Σημειώνεται ότι η ανάλυση της ροής στο
δρομέα με λογισμικό ΥΡΔ έχει, σύμφωνα με τις επιβαλλόμενες οριακές συνθήκες,
ως δεδομένο το ύψος Η και ως εξαγόμενο την παροχή Q.

5.2.1 Αποτελέσματα - Συγκρίσεις

΄Ο σχεδιασμός πραγματοποιήθηκε κάνοντας χρήση ενός ΜΑΕΑ και ενός ΜΑΕ-
Α(PCA). Οι πορείες σύγκλισης των δύο παρουσιάζονται στο σχήμα 5.7 χρησιμοποι-
ώντας το δείκτη υπερόγκου, (52), ως κριτήριο σύγκρισης. Η ακριβής ρύθμιση των
παραμέτρων των δύο δικριτηριακών ΜΑΕΑ που δοκιμάστηκαν παρουσιάζεται στο
πλήρες κείμενο της διατριβής.

0.5

0.6

0.7

0.8

0.9

1

0 300 600 900 1200 1500 1800 2100

H
y
p
e
rv
o
lu
m
e
in
d
ic
a
to
r

Evaluations

MAEA(PCA)
MAEA

2.4

2.5

2.6

2.7

2.8

2.9

3

3.1

0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16

f2

f1

MAEA
MAEA(PCA)

A

Σχήμα 5.7: Βελτιστοποίηση υδροστροβίλου Hydromatrixr: Σύγκριση της πο-
ρείας του δείκτη υπερόγκου για τους δικριτηριακούς ΜΑΕΑ και ΜΑΕΑ(PCA) (αρι-
στερά). Μέτωπα μη-κυριαρχούμενων λύσεων για τις δύο μεθόδους που δοκιμάστηκαν
επιβάλλοντας τερματισμό τους στις 2000 αξιολογήσεις με το λογισμικό ΥΡΔ (δεξιά).

Το κέρδος από τη χρήση των προτεινόμενων τελεστών εξέλιξης υποβοηθούμενων
από την ΑσΚΣ παρουσιάζεται στο σχήμα 5.7. Επίσης, παρουσιάζονται τα μέτωπα
των μη-κυριαρχούμενων λύσεων που υπολογίστηκαν από τις δύο μεθόδους για το
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5.2 Βελτιστοποίηση Υδροστροβίλου Hydromatrixr

ίδιο υπολογιστικό κόστος (2000 αξιολογήσεις με το λογισμικό ΥΡΔ). Τέλος, από
τα μέλη του μετώπου Pareto επιλέγεται ο σχεδιασμός Α και αναλύεται λεπτομερώς.
Η ποιότητα του σχεδιασμού Α, όσον αφορά στην ποιότητα της φόρτισης και

στη συνεργασιμότητα με τον αγωγό απαγωγής, παρουσιάζεται στο σχήμα 5.8 όπου
απεικονίζονται τόσο οι κατανομές Cp για τα τρία σημεία λειτουργίας που ενδια-
φέρουν όσο και οι κατανομές των ταχυτήτων εξόδου Cu και Cm. Στο ίδιο σχήμα
εμπεριέχεται και πληροφορία για τη σπηλαίωση (λαμβάνεται από την ελάχιστη τιμή
του Cp για κάθε σημείο λειτουργίας) όπως, επίσης, και για την επιφάνεια άντλησης
(διασταυρούμενες κατανομές Cp στο σημείο ΜΦ).
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Σχήμα 5.8: Βελτιστοποίηση υδροστροβίλου Hydromatrixr: Κατανομές συντελε-
στή πίεσης (Cp) κατά μήκος της χορδής για το σχεδιασμό Α στα τρία σημεία λειτουρ-
γίας, ΜΑ (πάνω-αριστερά), ΜΦ (πάνω-δεξιά) και ΠΦ (κάτω-αριστερά). Κατανομές Cu

και Cm για το σημείο ΜΑ, στην έξοδο του δρομέα, μαζί με τις χρησιμοποιηθείσες
κατανομές-στόχους (κάτω-δεξιά).

Η εμφάνιση επιφάνειας άντλησης γίνεται καλύτερα αντιληπτή στο σχήμα 5.9. Οι
γραμμές ροής κοντά στο κέλυφος στεφάνης (shroud) του δρομέα για το σημείο ΜΦ
υποδηλώνουν ότι η ροή «συναντά» το πτερύγιο του δρομέα στην πλευρά υποπίε-
σης δημιουργώντας έτσι μία περιοχή υψηλότερων πιέσεων από τις αντίστοιχες στην
πλευρά υπερπίεσης. Αυτή η ανεπιθύμητη συμπεριφορά δεν μπορεί να αποφευχθεί ε-
ντελώς λόγω της φύσης του συγκεκριμένου τύπου υδροστρόβιλου αλλά η διαδικασία
βελτιστοποίησης επιτυγχάνει τον περιορισμό της.
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5. Βελτιστοποίηση Υδροδυναμικών Στροβιλομηχανών

Σχήμα 5.9: Βελτιστοποίηση υδροστροβίλου Hydromatrixr: Ισοβαρείς επί της
επιφάνειας του πτερυγίου και γραμμές ροής στην περιοχή του κελύφους στεφάνης
(shroud) για το σχεδιασμό Α, μέλους του υπολογισθέντος μετώπου Pareto, στα
τρία μελετούμενα σημεία λειτουργίας, ΜΑ (πάνω-αριστερά), ΜΦ (πάνω-δεξιά) και ΠΦ
(κάτω).
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Κεφάλαιο 6

Βελτιστοποίηση Περιφερειακής
Πτερύγωσης Συμπιεστή

Στόχος αυτού του κεφαλαίου είναι η βελτιστοποίηση της περιφερειακής πτερύγω-
σης συμπιεστή που βρίσκεται εγκατεστημένη στο ΕΘΣ/ΕΜΠ. Η πτερύγωση σχε-
διάστηκε από τη SNECMA και έχει, στο παρελθόν, χρησιμοποιηθεί για τη μελέτη
της ροής σε πτερυγώσεις με ακτινικό διάκενο (σχήμα 6.1) για υψηλούς αριθμούς
Mach 1. Παρουσίαση της διάταξης υπάρχει στο πλήρες κείμενο της διατριβής.

Σχήμα 6.1: Βελτιστοποίηση περιφερειακής πτερύγωσης συμπιεστή: Τα πτερύγια
στηρίζονται στο εξωτερικό κέλυφος (shroud) ενώ το ακτινικό διάκενο δημιουργείται
στην «επαφή» με το εσωτερικό κέλυφος (hub). Ο λόγος ακτίνων των δύο κελυφών
είναι Rhub/Rshroud = 0.75.

Το πρόβλημα βελτιστοποίησης του σχήματος της (σταθερής κατά την ακτινική
κατεύθυνση) αεροτομής του πτερυγίου αντιμετωπίζεται ως πρόβλημα μονοκριτηρια-
κής βελτιστοποίησης με περιορισμούς ελάχιστου πάχους σε τρεις θέσεις της αερο-

1 European project �Advanced Civil Core Compressor Aerodynamics�, AER2-CT92-0039,
1/1/1993-30/9/1996.
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6. Βελτιστοποίηση Περιφερειακής Πτερύγωσης Συμπιεστή
τομής, στο 30%, 60% και 90% της χορδής. Το ελάχιστο αποδεκτό πάχος σε κάθε
θέση καθορίζεται στο 90% του αντίστοιχου πάχους του υπάρχοντος σχεδιασμού.
Επιπλέον, επιβάλλεται περιορισμός ως προς τη μέση γωνία εξόδου ροής (α2 < 53o).
Η μελέτη έγινε για ακτινικό διάκενο ίσο με το 2% του μήκους της χορδής.
Η βελτιστοποίηση πραγματοποιήθηκε έχοντας ως μοναδική προς ελαχιστοποί-

ηση συνάρτηση κόστους το μέσο συντελεστή απωλειών ολικής πίεσης PLCav. Η
ποσότητα PLCav ορίζεται ως η μέση τιμή των τιμών του αντίστοιχου συντελεστή
PLC(r) σε κάθε ακτίνα (r) ανάμεσα στα δύο κελύφη. Η τελευταία δίνεται από τη
σχέση

PLC(r) =
pt,inl − pt(r)

pt,inl − pinl
(6.1)

Στο εν λόγω πρόβλημα σχεδιασμού, μιας και η αεροτομή του πτερυγίου διατηρεί-
ται σταθερή σε όλες τις ακτινικές θέσεις, απαιτείται αποκλειστικά η παραμετροποίηση
μιας 2Δ αεροτομής. Αυτή γίνεται με χρήση πολυωνύμων NURBS. Για κάθε πλευρά
της αεροτομής υπάρχουν 5 ελεύθερα σημεία ελέγχου (10 μεταβλητές σχεδιασμού).
Συνολικά, οι άγνωστοι του προβλήματος βελτιστοποίησης είναι N = 20. Αυτά α-
ντιστοιχούν σε 5 σημεία ελέγχου με 2 ελεύθερες συνιστώσες για κάθε πλευρά της
αεροτομής.
Οι συνθήκες που επιβλήθηκαν στον επιλύτη των εξισώσεων της ροής είναι: (α)

για την είσοδο, η περιφερειακή και ακτινική κατανομή της ολικής πίεσης και ολικής
θερμοκρασίας και των γωνιών της ροής αλλά και η ένταση της τύρβης (1.5%) και (β)
για την έξοδο, η τιμή της στατικής πίεσης στην ακτίνα ποδός. Μέσω της εξίσωσης
ακτινικής ισορροπίας, υπολογίζεται επαναληπτικά η ακτινική κατανομή της στατικής
πίεσης σε όλη τη διατομή εξόδου.
Με οικείο λογισμικό, σε κάθε υποψήφια λύση δημιουργείται ένα μη-δομημένο

υβριδικό πλέγμα, της τάξης των 600000 κόμβων. Η αξιολόγηση κάθε υποψήφιας
λύσης γίνεται από επιλύτη των εξισώσεων Navier-Stokes, με μοντέλο τύρβης αυτό
των Spalart-Allmaras και συναρτήσεις τοίχου.

6.1 Αποτελέσματα - Συγκρίσεις

Πραγματοποιήθηκαν δύο τρεξίματα βελτιστοποίησης χάριν σύγκρισης. Η μια χρη-
σιμοποιώντας τον προϋπάρχοντα ΜΑΕΑ και η δεύτερη τον προτεινόμενου Μ(PCA)-
ΑΕΑ(PCA). Κατά την εφαρμογή του προϋπάρχοντος ΜΑΕΑ, η φάση της ΠΠΑ
ξεκινά όταν στη βάση δεδομένων του ΜΑΕΑ υπάρχουν περισσότερα από 220 ήδη α-
ξιολογηθέντα άτομα. Αντίθετα, όταν χρησιμοποιείται ο Μ(PCA)ΑΕΑ(PCA), λόγω
της χρήσης της ΑσΚΣ κατά την εκπαίδευση των μεταπροτύπων (μείωση των εισόδων
του μεταπροτύπου από 20 σε 10), η φάση ΠΠΑ ξεκινά νωρίτερα, όταν στη βάση δεδο-
μένων υπάρχουν μόνο 150 άτομα. Οι πορείες σύγκλισης των δύο μεθόδων συγκρίνο-
νται στο σχήμα 6.2. Παρατηρείται ότι, κάνοντας χρήση του Μ(PCA)ΑΕΑ(PCA),
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6.1 Αποτελέσματα - Συγκρίσεις
εντοπίζεται ο βέλτιστος σχεδιασμός σε περίπου 250 αξιολογήσεις ενώ με τον προ-
ϋπάρχοντα ΜΑΕΑ χρειάζονται περίπου 450. Η επίδραση της χρήσης της ΑσΚΣ
κατά την εκπαίδευση των μεταπροτύπων στην ποιότητα των προβλέψεων τους γίνε-
ται εμφανής στο σχήμα 6.3.
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Σχήμα 6.2: Βελτιστοποίηση περιφερειακής πτερύγωσης συμπιεστή: Αριστερά: Πο-
ρείες σύγκλισης για τον ΜΑΕΑ και τον προτεινόμενο Μ(PCA)ΑΕΑ(PCA). Δεξιά:
Η βέλτιστη αεροτομή, που προέκυψε από τον Μ(PCA)ΑΕΑ(PCA) (συνεχής γραμμή)
και η υπάρχουσα αεροτομή της πειραματικής εγκατάστασης στο ΕΘΣ/ΕΜΠ (διακε-
κομμένη γραμμή).
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Σχήμα 6.3: Βελτιστοποίηση περιφερειακής πτερύγωσης συμπιεστή: Σύγκριση
λάθους πρόβλεψης του μεταπροτύπου (δίκτυα RBF) κατά την πορεία της εξέλιξης.
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6. Βελτιστοποίηση Περιφερειακής Πτερύγωσης Συμπιεστή
Η βέλτιστη αεροτομή (σχήμα 6.2), όπως αυτή εντοπίστηκε από τον

Μ(PCA)ΑΕΑ(PCA) έχει μέσες απώλειες πίεσης PLCav = 0.104, μέση γωνία ε-
ξόδου α2 = 52.6o και ικανοποιεί όλους τους τεθέντες περιορισμούς πάχους.
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Κεφάλαιο 7

Σύνοψη - Συμπεράσματα -
Παρόν & Μέλλον

Αντικείμενο της διδακτορικής διατριβής ήταν να εμπλουτίσει και να επεκτείνει υ-
πάρχουσες μεθόδους (και λογισμικό) βελτιστοποίησης βασισμένο στους ΕΑ που έχει
αναπτυχθεί στη ΜΠΥΡ&Β/ΕΘΣ του ΕΜΠ κατά την τελευταία δεκαετία. Κύριος
στόχος της ήταν να επιτευχθεί ικανοποιητική μείωση του χρόνου αναμονής του
σχεδιαστή κατά την επίλυση βιομηχανικών εφαρμογών μεγάλης κλίμακας. Οι προ-
τεινόμενες μέθοδοι και το προγραμματισθέν λογισμικό χρησιμοποιήθηκαν σε αρκετές
εφαρμογές σχεδιασμού-βελτιστοποίησης στις στροβιλομηχανές, θερμικές και υδρο-
δυναμικές. Αρκετές πιστοποιήσεις και αξιολογήσεις μεθόδων έγιναν σε γρήγορα
προβλήματα ελαχιστοποίησης μαθηματικών συναρτήσεων ή σε 2Δ εφαρμογές βελτι-
στοποίησης στις θερμικές στροβιλομηχανές. ΄Ομως, οι κύριες εφαρμογές έγιναν σε
προβλήματα βιομηχανικού ενδιαφέροντος, στην ευρύτερη περιοχή των στροβιλομη-
χανών.
Ως προς τα στοιχεία πρωτοτυπίας της διατριβής, σχετικά με την ανάπτυξη νέων

μεθόδων και τον προγραμματισμό νέου λογισμικού, η συνεισφορά της διατριβής
έγκειται στα παρακάτω :α) στη δημιουργία μεθόδου σχεδιασμού στη βάση αρχειοθετημένης γνώσης

(Knowledge-Based Design ή KBD).β) στην ανάπτυξη και χρήση εξελικτικών τελεστών υποβοηθούμενων από
ΑσΚΣ κατά τη βελτιστοποίηση μέσω ΕΑ καιγ) στην ανάπτυξη και χρήση υποβοηθούμενων από ΑσΚΣ μεταπροτύπων κα-
τά τη βελτιστοποίηση μέσω ΜΑΕΑ, δηλαδή ΕΑ που χρησιμοποιούν τεχνητά
νευρωνικά δίκτυα ως τοπικά μεταπρότυπα.

Κάνοντας χρήση των προτεινόμενων στη διατριβή μεθόδων επιτυγχάνεται α) η
βέλτιστη εκμετάλλευση διαθέσιμων παλαιότερων επιτυχημένων σχεδιασμών, οδη-
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7. Σύνοψη - Συμπεράσματα - Παρόν & Μέλλον
γώντας σε αναδιατύπωση του προβλήματος βελτιστοποίησης με πολύ λιγότερες με-
ταβλητές και, άρα, σημαντική μείωση του χρόνου επίλυσης των προβλημάτων μέσω
ΕΑ ή ΜΑΕΑ. β) Η διατήρηση των πλεονεκτημάτων των προϋπαρχουσών μεθόδων
επιτάχυνσης των ΕΑ (κυρίως της, βασισμένης στα μεταπρότυπα, προσεγγιστικής
προ-αξιολόγησης του πληθυσμού κάθε γενιάς) σε προβλήματα μεγάλης διάστασης
(50-500 μεταβλητές σχεδιασμού), και γ) η περαιτέρω επιτάχυνση των ΕΑ από την
αυτόματη και συνεχώς ανανεούμενη αναδιατύπωση και επίλυση των προβλημάτων
βελτιστοποίησης σε νέα μορφή με, κατά το δυνατό, διαχωρίσιμη συνάρτηση κόστους.
Κατέστη έτσι δυνατή η χρήση μεθόδων βελτιστοποίησης βασιζόμενες στους ΕΑ
σε προβλήματα βιομηχανικής κλίμακας (προβλήματα, δηλαδή, με μεγάλη διάσταση
και δύσκολες μη-διαχωρίσιμες συναρτήσεις-στόχους), επιστρέφοντας σχεδιασμούς
υψηλής ποιότητας σε μειωμένο χρόνο σχεδιασμού. Ενδεικτικά, κατά το σχεδιασμό
υδροστροβίλου επιτεύχθηκε μείωση του συνολικού χρόνου σχεδιασμού (όχι μόνο
της διαδικασίας βελτιστοποίησης) άνω του 50%, από 120 ως 140 μέρες σε μόλις 50.
Η προαναφερθείσα μείωση του συνολικού χρόνου σχεδιασμού και η συνεπαγόμενη
μείωση του κόστους σχεδιασμού μετατρέπουν σε οικονομικά επικερδή τη χρήση του
σε ακόμη μικρότερα ύψη, H=2-5m, και παροχές μικρότερες των 60m3/s.
Το λογισμικό που αναπτύχθηκε στην παρούσα διατριβή χρησιμοποιείται, ήδη,

στη βιομηχανία και συγκεκριμένα σε μια από της μεγαλύτερες εταιρίες στον το-
μέα των υδροηλεκτρικών έργων, την Andritz-Hydro. Στην εταιρεία αυτή, γίνεται
χρήση του λογισμικού, σε τακτική φάση, στο σχεδιασμό δρομέων υδροδυναμικών
μηχανών τύπου α)Francis, β)Kaplan, γ)Bulb, δ)Pump και ε)Pump-Turbine αλλά
και στατικών μερών υδροδυναμικών μηχανών όπως αγωγών απαγωγής και προσαγω-
γής. Αυτή τη στιγμή, υπάρχει ικανός αριθμός εγκατεστημένων ή προς εγκατάσταση
σχεδιασμών ανά τον κόσμο που πραγματοποιήθηκαν κάνοντας χρήση των μεθόδων
και του λογισμικού της παρούσας διατριβής.

7.1 Μελλοντική Ερευνα

Ακολουθούν προτάσεις για μελλοντική έρευνα, που μπορούν να αποτελέσουν
φυσική συνέχεια της διατριβής αυτής:

• Διερεύνηση της πιθανότητας ύπαρξης και εκμετάλλευσης μη-γραμμικών συ-
σχετίσεων των μεταβλητών σχεδιασμού (σε σχέση με τη συνάρτηση-στόχο
του προβλήματος), σε «κακώς-τοποθετημένα» προβλήματα βελτιστοποίησης.

• Χρήση κατανεμημένου ΕΑ, βασισμένου στον επιμερισμό του συνόλου των
επιλέκτων με τρόπο ώστε ο κάθε δήμος (ή υποπληθυσμός, στην ορολογία των
ΕΑ) να αναλαμβάνει μία περιοχή του μετώπου Pareto και να διαμορφώνει το
δικό του διαχωρίσιμο πρόβλημα, βασισμένος στους «δικούς του᾿ επιλέκτους.
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7.2 ∆ημοσιεύσεις από τη διατριβή
• Διερεύνηση τρόπων αντιμετώπισης προβλημάτων βελτιστοποίησης με μεγάλη
θνησιμότητα μέσω της χρήσης διαφορετικού τύπου εξελικτικών τελεστών κα-
τά τα πρώτα στάδια της εξέλιξης. Αυτό θα ήταν ιδιαίτερα χρήσιμο σε δύσκο-
λα προβλήματα βελτιστοποίησης με πολλούς αυστηρούς περιορισμούς, όπου η
θνησιμότητα των αναδυομένων λύσεων οφείλεται, ακριβώς, στη μη-ικανοποίηση
των περιορισμών.

• Υβριδισμός ΕΑ με αιτιοκρατικές μεθόδους σε βιομηχανικά προβλήματα, εφαρ-
μόζοντας μεθόδους πολυεπίπεδης βελτιστοποίησης. Αυτό απαιτεί τη χρήση
συζυγών τεχνικών (adjoint methods, για τον υπολογισμό το παραγώγων των
μετρικών ποιότητας ή συνδυασμών αυτών) και αναπτύσσοντας τρόπους μορ-
φοποίησης πλέγματος (mesh morphing) σύμφωνα με τις υπολογισθείσες πα-
ραγώγους. Αντίστοιχος υβριδισμός έχει πραγματοποιηθεί σε άλλα προβλήματα
σε παλαιότερες διατριβές στη ΜΠΥΡ&Β/ΕΘΣ του ΕΜΠ.

• Ενδιαφέρον παρουσιάζει, επίσης, η χρήση ΕΑ με μεταβαλλόμενο μέγεθος γε-
νιάς ούτως ώστε να κρατούνται σταθερά μεγέθη όπως η πολυμορφικότητα
(αποφυγή πρόωρης ή λανθασμένης σύγκλισης του ΕΑ) ή το υπολογιστικό
κόστος ανά γενιά (όταν λ.χ. ένα άτομο της παρούσας γενιάς υπάρχει ήδη στη
βάση δεδομένων τότε να δίνεται η δυνατότητα στον ΕΑ να υπολογίζει κάποιο
άλλο στη θέση του) κλπ.

7.2 ∆ημοσιεύσεις από τη διατριβή

Παρατίθενται οι δημοσιεύσεις σε επιστημονικά περιοδικά και οι παρουσιάσεις σε
επιστημονικά συνέδρια που πραγματοποιήθηκαν κατά την εκπόνηση της διατριβής.

S. Erne, M. Lenarcic, S.A. Kyriacou. Shape Optimization of a Flows Around Cir-
cular Diffuser in a Turbulent Incompressible Flow. ECCOMAS 2012 Congress,
Vienna, Austria, September 10-14 2012.

K.C.Giannakoglou, V.G. Asouti, S.A. Kyriacou, X.S. Trompoukis: ‘Hierarchical,
Metamodel–Assisted Evolutionary Algorithms, with Industrial Applications’, von
Karman Institute Lectures Series on ‘Introduction to Optimization and Multidis-
ciplinary Design in Aeronautics and Turbomachinery’, May 7-11, 2012.

S.A. Kyriacou, S. Weissenberger and K.C. Giannakoglou. Design of a Matrix
hydraulic turbine using a metamodel-assisted evolutionary algorithm with PCA-
driven evolution operators. International Journal of Mathematical Modelling and
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Numerical Optimization, SI: Simulation-Based Optimization Techniques for Com-
putationally Expensive Engineering Design Problems, 3(2):45–63, 2012.

I.A. Skouteropoulou, S.A. Kyriacou, V.G Asouti, K.C. Giannakoglou, S. Weis-
senberger, P. Grafenberger. Design of a Hydromatrix turbine runner using an
asynchronous algorithm on a multi-processor platform. 7th GRACM Interna-
tional Congress on Computational Mechanics, Athens, 30 June-2 July, 2011.

S.A. Kyriacou, S. Weissenberger, P. Grafenberger, K.C. Giannakoglou. Optimiza-
tion of hydraulic machinery by exploiting previous successful designs. 25th IAHR
Symposium on Hydraulic Machinery and Systems, Timisoara, Romania, Septem-
ber 20-24, 2010.

H.A. Georgopoulou, S.A. Kyriacou, K.C. Giannakoglou, P. Grafenberger and E.
Parkinson. Constrained multi-objective design optimization of hydraulic compo-
nents using a hierarchical metamodel-assisted evolutionary algorithm. Part 1:
Theory. 24th IAHR Symposium on Hydraulic Machinery and Systems, Foz do
Iguassu, Brazil, October 27-31, 2008.

P. Grafenberger, E. Parkinson, H.A. Georgopoulou, S.A. Kyriacou and K.C. Gi-
annakoglou. Constrained multi-objective design optimization of hydraulic com-
ponents using a hierarchical metamodel-assisted evolutionary algorithm. Part 2:
Applications. 24th IAHR Symposium on Hydraulic Machinery and Systems, Foz
do Iguassu, Brazil, October 27-31, 2008.
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Abstract

The scope of this PhD thesis is to propose a set of improvements to
existing shape design-optimization methods in fluid dynamics based
on Evolutionary Algorithms (EAs) and demonstrate their efficiency
in real-world applications. Though the proposed method and the de-
veloped EA-based software are both generic, this thesis focuses on
applications in the fields of hydraulic and thermal turbomachines.
With the proposed algorithmic variants, the optimization turn-around
time is noticeably reduced with respect to that of conventional (ref-
erence, background) methods. Though the latter are computation-
ally expensive, with the proposed add-ons, they become affordable
even for large-scale industrial applications. The background design-
optimization methods are based on EAs enhanced by the use of arti-
ficial neural networks, acting as surrogate evaluation models or meta-
models. The design process is coupled with the necessary Computa-
tional Fluid Dynamic (CFD) software. Parallelization, in the form
of concurrent evaluations of candidate solutions within each gener-
ation of the EA, is absolutely necessary, given the high CPU cost
per CFD-based evaluation. All computations were performed on the
multi-processor platform of the Parallel CFD & Optimization Unit
(PCOpt) of the National Technical University of Athens (NTUA).
Using the proposed optimization methods several turbomachinery
design optimization problems are solved; these include the design-
optimization of traditional hydraulic turbines (such as Francis tur-
bine) and a new/innovative variation of bulb turbines, the so-called
“Hydromatrixr”, suitable for low head hydropower sites. These
computations were performed in close collaboration with a major
hydraulic turbine manufacturer (Andritz Hydro). Furthermore, the
compressor cascade installed at the Lab of Thermal Turbomachines
of NTUA (LTT/NTUA) is optimized. This thesis presents also the
application of the proposed methods and tools on a number of math-
ematical optimization problems, since these allow a great number of
test runs to be performed at negligible CPU cost.

The most important contributions of this thesis are listed below:



a) A new design method, which fully exploits archived designs with
good performance in “similar” conditions, is proposed. In this method,
EAs (either in their conventional form or in enhanced variants assisted
by metamodels) solve a reformulated optimization problem, instead
of the high-dimensional real one. The new unknowns are used to non-
linearly weight the archived designs so as to create candidate solutions
to the problem in hand; it is a great advantage of the proposed method
that, by doing so, the EA avoids handling the, otherwise, great num-
ber of variables parameterizing the complex shape to be designed.
Gains from the reduction of the number of design variables are evi-
dent. An extra gain in CPU cost arises from the statistical analysis of
the archived designs that helps identifying the most important design
space regions, where greater probabilities of accommodating new off-
spring are given. The proposed method has the additional advantage
of allowing the automatic definition of the new variables’ upper and
lower bounds.

b) The use of principal component analysis (PCA) as a means to re-
veal the topological characteristics of the current generation elite set is
proposed. The principal directions on the design space, as computed
via PCA in each generation, are used for the rotation of the design
variable coordinate system before the application of the evolution op-
erators. This rotation suffices to transform an ill-posed optimization
problem into a better-posed one. Through the proposed PCA-driven
evolution operators, offspring generations of higher quality are created
and, this certainly reduces the number of generations required to get
the optimal solution(s). Note that this is done without truncating the
design variables, as a few other method are doing.

c) The same PCA technique, along with the information about the de-
sign variable importance is used to enchance the inexact pre-evaluation
(IPE) phase in metamodel-assisted EAs (MAEAs). This is, herein,
applied in MAEAs incorporating radial basis function (RBF) net-
works as metamodels, in either single- or multi-objective optimization
problems. The proposed method aims at obtaining more relevant pre-
dictions of the objective function values by the online trained meta-
models. To this end, the PCA-driven rotation of the design variables
followed by an appropriate truncation of the less-significant among
them allow the use of metamodels trained on patterns of smaller di-
mension. Consequently, the training can rely on a smaller number of
patterns and evaluations on the RBF network are much better. The
EA based search is, thus, better driven and this leads to lower CPU



costs.

The gain from the use of the proposed methods, either separately or
in combination, is quantified in a few mathematical test cases and,
then, some real-world applications. These were solved twice, using
both the proposed and the background optimization methods. In
more detail, the gain from the use of KBD is demonstrated by solving
the design problem of a 3D Francis hydraulic-turbine and that of a
2D compressor cascade. The use of an EA with PCA-driven evolution
operators is shown in the design-optimization of a “Hydromatrixr”.
The use of PCA to enhance the performance of metamodels in MAEAs
is demonstrated in the design of a 2D compressor cascade and the
optimization of the blade shape of a peripheral compressor cascade
installed and measured at LTT/NTUA.
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1

Introduction

In this PhD thesis, new Evolutionary Algorithm (EA) variants for solving large-
scale design-optimization problems at reasonable computing cost are proposed,
programmed and validated. This is extremely useful when handling large-scale
industrial optimization problems, such as those encountered in the fields of ther-
mal and hydraulic turbomachines. The developed EA variants, enhanced with
the proposed add-on features, must be able to produce high quality designs, at
acceptable (according to the industrial standards) turn-around time. The latter
is, in fact, necessary for EAs to become routinely used design-optimization tools
in industrial environment, where the search method has to cope with a usually
great number of design variables and computationally expensive evaluation codes.

A clear understanding of the reasons causing the drop in EA’s efficiency when
used to solve industrial problems, particularly large-scale ones, is necessary before
proceeding to the presentation of the proposed remedies. In this thesis, the
problems under consideration are usually referred to as “ill-posed”. They are
dealing with anisotropic (section 4.1.1), non-separable (section 4.1.2) objective
functions and have a great number N of design or optimization variables. The
solution to an optimization problem with a non-separable objective function, as
opposed to a separable one, cannot be obtained by solving N distinct optimization
problems, one for each design variable, since the optimal value of each one of them
depends on the values of the rest. In terms of N, this leads to superlinear increase
in computational cost, in contrast to the linear increase expected in separable
problems. It is evident that, for this type of problems, particularly if N is quite
high, strong retardation in EAs convergence is expected. Note that the majority
of industrial-scale problems are non-separable with a great number of unknowns.

The first way proposed in this thesis for reducing the optimization turn-around
time relies on the replacement (during the EA-based search) of the standard
shape parameterization techniques, which introduces a great number of design
variables, by resorting to a number of available satisfactory designs. In fact,

1



1. Introduction

this thesis proposes and evaluates a way to use the information residing into a
small number of archived designs, made available from similar successful projects
worked out in the past. This leads to optimization problems with much less
unknowns which can be solved using EAs at noticeably lower computational cost.
The new optimization variables are the coefficients introduced for merging the
existing designs, in order to create new ones. The proposed method combines
“ideas” from the theory of Knowledge-Based Systems (KBS) with EAs, giving
rise to a fast design method, which will be referred to as Knowledge-Based Design
(KBD). Though the proposed KBD method does not explicitly take care of the
non-separability of the objective function with respect to the design variables, it
is important that the number of optimization variables is greatly reduced. So,
even without explicitly coping with the non-separability property, the gain in
CPU cost is noticeable.

The second method proposed herein makes use of the Principal Component
Analysis (PCA) of promising/top individuals, in each generation of the EA, in
order to identify directions in the design space which, if used to redefine the op-
timization variables, would result in “better-posed” optimization problems. The
redefinition of the optimization variables comes out from the alignment of each
design vector with the so-called principal directions, computed by the PCA. The
evolution operators are applied to the transformed optimization variables and,
for reasons to be explained as the text develops, an efficient search mechanism
results, even without dimensionality reduction.

Both the KBD method and the new way to apply the evolution operators
driven by the PCA analysis of the current most promising solutions (such as the
current front of non-dominated solutions in multi-objective optimization prob-
lems) can be used within either an EA or a Metamodel-Assisted EA (MAEA).
In MAEAs, the costly problem-specific evaluation tool (herein, a Computational
Fluid Dynamics or CFD code) is replaced by low–cost surrogate evaluation models
or metamodels (trained artificial neural networks, ANNs, polynomial regression
methods, etc.). In each generation, the CFD code is used to “exactly” evaluate a
few of the most promising population members, as pointed by the metamodel(s).

Regarding MAEAs, another way to further enhance their efficiency is by us-
ing the same PCA of the current promising solutions in order to associate each
design variable (or design space coordinate) with a degree of importance. It will
be shown that MAEAs may benefit a lot from the importance-based ranking of
the design space coordinates, in order to overcome a well-known problem caused
by the so-called curse of dimensionality. This problem is related to the fact that,
for the ANNs used to approximate the fitness or cost of a new individual, any
increase in the number of their sensory units calls for more training patterns and
increased training cost. Since the training patterns are selected among the pre-
viously evaluated individuals during the EA, the need for more training patterns

2



1.1 CFD-Based Optimization

means that the use of metamodels must be delayed. If, on top of this, each train-
ing is more costly, the gain from employing metamodels in lieu of the CFD code
is expected to be lower or may even vanish. The proposed method is based on
the selective truncation of the ANN entries, by maintaining only the most im-
portant design variables according to the results of PCA. It will be shown that,
in real-world applications, the gain is important.

The aforementioned methods are, firstly, validated in cases ranging from some
low-cost mathematical optimization benchmarks to 2D compressor cascade de-
signs. Then, real-world problems such as the design of industrial 3D hydraulic
turbines and the redesign of the 3D annular compressor cascade with tip clear-
ance installed at the Lab of Thermal Turbomachines of NTUA (LTT/NTUA)
are examined. The mathematical benchmarks have low computational cost and
allow the exhaustive investigation of methods by repeating the runs on the same
case, using different seeds in the random number generator. By doing so, safe
conclusions are reached. The presented 2D cases allow the demonstration of the
proposed methods in simple aerodynamic cases. In the field of hydraulic tur-
bomachines, two types of hydraulic turbines, a Francis and a new type named
Hydromatrixr, are used to validate the performance of the aforementioned meth-
ods in large-scale industrial applications. A number of performance metrics are
introduced and, depending on the case, combined to form the necessary objec-
tives and constraints. In the hydraulic turbomachinery design problems, more
than one operating points are considered, leading to increased cost per evalua-
tion. This makes the reduction in the number of evaluations required to reach
the optimal solution(s) absolutely necessary. In the field of thermal turboma-
chines, the blade airfoil of the 3D compressor cascade installed at LTT/NTUA is
optimized for minimum total pressure losses.

This PhD thesis is based on EAs developed during a number of previous
PhDs (15, 74, 92, 98) performed at the Parallel CFD & Optimization Unit of
LTT/NTUA (PCOpt/NTUA). These PhD theses created the algorithmic basis
or software platform, which the newly proposed methods are built upon. This
EA-based optimization platform, known as EASY (Evolutionary Algorithm SYs-
tem (70)) includes the basic EA, optionally enhanced by parallel search (Parallel
EAs or PEAs), the use of ANNs as metamodels (MAEAs) and hierarchical op-
timization schemes (Hierarchical EAs or HEAs). EASY provided fertile ground
for the development of all methods proposed in this PhD thesis.

1.1 CFD-Based Optimization

In this section, an overview of CFD-based optimization methods is presented.
CFD-based optimization methods enjoy great interest from both academia and
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1. Introduction

industry since the performance and, therefore, the price of products (ranging from
cars and aircrafts to thermal and hydraulic turbomachines etc.) depends heavily
upon their aero/hydrodynamic performance.
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Figure 1.1: Yearly number of publications on CFD-based optimization appearing
in ScienceDirect.

In order to demonstrate the increasing interest of the scientific community in
CFD-based optimization, an internet-based literature survey was carried out us-
ing the search tool “ScienceDirect” (http://www.sciencedirect.com/). The search
lemma was (Optimization AND CFD) OR (Optimization AND Computational
Fluid Dynamics). This is obviously a non-exhaustive search; it is though good
enough to show trends. The steadily growing number of publications in the last
five years, shown in fig. 1.1, reveals the growing interest in performing CFD-based
optimization. Therefore, it is expected that the upgrades proposed in this thesis
must be of interest to a continuously growing in size community of scientists, not
necessarily restricted to those working in the field of turbomachines.

A prerequisite for any shape optimization problem in fluid dynamics is the
availability of a fast and reliable way to evaluate candidate solutions. This is
achieved through the use of CFD (hence the term CFD-based optimization) meth-
ods that numerically solve the differential equations governing the fluid motion.
Nowadays, thanks to the relatively cheap access to powerful computational means,
the CFD tools have affordable CPU cost (depending on the case complexity)
and, therefore, optimization methods based on them are flourishing. The strong
dependence of the CFD-based optimizations on the computational resources be-
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1.1 CFD-Based Optimization

comes crucial in cases where several disciplines (ranging from structural analysis
to manufacturing and economics, etc.) are used to evaluate the candidate solu-
tions (multi-disciplinary optimization, MDO). The fact that the fluid dynamic,
structural and economical objectives may be contradictory adds extra difficulty
to the optimization procedure.

An important part of any optimization project is the definition of the design
variables. An optimization algorithm seeks the value set of the design variables
which minimizes the user-defined cost function(s). In CFD-based optimization,
typical objectives are: maximization of lift, minimization of drag, maximization
of efficiency, minimization of the deviation from given target (pressure, velocity,
etc.) distributions, minimization of viscous or shock-induced losses or the cavita-
tion index (in hydraulic turbomachines), etc. A single objective (single-objective
optimization, SOO) or combinations of them can be used. Design-optimization
problems with more than one objectives (multi-objective optimization, MOO)
can be solved by concatenating the objectives into a single one, after multiplying
them with appropriate weights. The difficulty of choosing the most appropriate
weight values and the failure of this approach in non-convex optimization prob-
lems are the main weaknesses of this approach. An improved way to solve MOO
problems is the use of dominance-based methods that rank the candidate solu-
tions according to Pareto dominance 1. These methods compute a set of optimal
solutions forming the so-called front of non-dominated solutions or Pareto front,
where none of them is dominated by any other front member with respect to all
objectives. Therefore, the choice of the optimal solution to be adopted relies upon
additional criteria set by the decision-maker. The design-optimization problem
can, also, be subject to a number of constraints. In shape optimization related to
fluid mechanics, constraints are imposed to geometrical quantities (for instance,
thickness constraints so as to come up with manufacturable designs), structural
quantities such as the maximum stress or deflection and/or flow-related quantities
such as the minimum flow turning or the cavitation index, in turbomachines.

In general, CFD-based shape optimization methods can be classified in two
categories, namely direct and inverse ones. Direct methods (48, 49, 74, 92, 135)
solve the optimization problem through a number of trials that involve geometry
generation, CFD-based flow predictions, computation of the objective function
and, if necessary, its gradient computation. On the contrary, inverse methods
(should not be confused with inverse design problem 2 that can be solved by
direct methods) (25, 37) begin from a set of desirable flow field characteristics
(such as those related to the boundary layer) and solve the inverse problem to

1Solution a dominates solution b if and only if a is equal to b with respect to all objectives
but one and better than b at least for one of them.

2Inverse design problems use the deviation of the current from a desirable flow variable
distribution as cost function.
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define the geometry. The major advantage of inverse methods is their low cost
and the fact that they don’t need a starting geometry. On the other hand,
their most noticeable drawback is the inability to handle constrained optimization
problems. The inverse methods developed by LTT/NTUA are based on the Le
Foll method (119) which is an integral method using a two-parametric boundary
layer velocity profile. This method was extended to accommodate compressibility
(137), surface curvature effects on the turbulent boundary layer development
(139) and boundary layer separation (138) and was used for the design of both
axial and radial turbomachines. Based on the above classification, this PhD thesis
is dealing with direct design-optimization methods.

Based on the way optimal solutions are sought, the optimization methods
can be classified as deterministic and stochastic. In CFD-based optimization,
deterministic methods were used first, mainly due to their solid mathematical
background and fast convergence, to locate optimal solutions with less trials.
Deterministic methods require the computation of the gradient of the objective
function with respect to the design variables. This limits the type of objective
functions such a method might handle to those being differentiable. The cost
of the gradient computation might become prohibitive if access to the evalua-
tion software source code is not granted and computationally expensive finite-
difference schemes must be employed. On the other hand, in MOO problems,
they have difficulties to compute fronts of non-dominated solutions with a single
run and they risk to be trapped into local minima.

In the deterministic or gradient-based optimization methods used in fluid
dynamics, the most important part is the gradient computation. The use of finite
differences, as mentioned above, is not suitable since it requires, at least, as many
flow analyses as the design variables. The use of adjoint techniques can reduce
this cost to that of a single-equivalent flow solution irrespective of the number
of design variables. Due to the need of significant investment in person-months
(mathematical development and programming) required for the development of
the adjoint methods and software, these were not used in CFD-based optimization
since mid-80′s (87, 88, 89, 143). The two variants of adjoint techniques, discrete
and continuous, differ in the way the discretized adjoint equations are formed.
The continuous adjoint method (14, 89, 135) processes the flow PDEs to derive
the adjoint ones which are, then, discretized. On the other hand, in the discrete
adjoint method, the adjoint equations result directly from the discretized flow
equations, (13, 46). A more detailed presentation of adjoint methods used in
fluid dynamic optimization can be found in (135).

On the other hand, stochastic optimization methods do not suffer from the risk
of getting trapped into local minima due to the probabilistic search they employ.
The differentiability of the objective function is not required. An additional ad-
vantage of stochastic optimization methods, especially regarding industrial usage,
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is their ability to handle any problem, by merely accommodating the available
evaluation software, without even having access to its source code. Their main
drawback, though, is the need to evaluate a great number of candidate solu-
tions before reaching the optimum. This may significantly increase the overall
computational cost of the optimization procedure. This PhD thesis is dealing
with stochastic optimization methods and, more precisely, EAs and aims at the
reduction of computational cost.

The use of EAs in CFD-based optimization was delayed until mid-90′s, mainly
due to their high computational cost. The first relevant works (60, 142, 148)
presented automated EA-based procedures for aerodynamic design-optimization
problems. Soon after, emphasis was laid on the reduction of the cost of the
overall optimization procedure, mainly by adapting the available variable rep-
resentations and evolution operators. This continued with their hybridization
with deterministic methods. For instance, in (124) and (56), an EA was used to
spot a good starting solution for a deterministic optimization method. In (38),
EAs were hybridized with Sequential Quadratic Programming (SQP) for con-
strained shape optimization problems. Furthermore, the use of distributed EAs
(40, 165), surrogate evaluation models (45, 68, 75, 92, 150), hierarchical schemes
(39, 44, 92, 108, 166) and concurrent evaluations on a multiprocessor platform
(15, 74, 120) have been proposed. Nowadays, the appeal of CFD optimization
using EAs for industrial-scale engineering problems is growing due to the avail-
ability of powerful computational resources. This PhD thesis is dealing with the
use of EAs for solving industrial-scale design-optimization problems in the fields
of thermal and hydraulic turbomachines in acceptable (for industry) turn-around
time.

Regarding CFD-based optimization in the fields of thermal and hydraulic
turbomachines, another internet-based literature survey was carried out, too.
Search lemmata were: (a) optimization AND thermal AND turbomachines and
(b) optimization AND hydraulic AND turbomachines. This survey reveals the
steadily growing number of publications, in both turbomachinery areas, over the
last five years, as shown in fig. 1.2.

For instance, in the ASME 2011 Turbo Expo Conference, 24 papers were re-
lated to the development and applications of EA-based optimization in the field of
thermal turbomachines; some of them are not CFD-based. Most of them are han-
dling a small number of design variables, (N≤15), and only three (62, 104, 123)
solve high-dimensional problems (N > 30). In (62), the application of an ax-
isymmetric endwall contour for compressors is investigated. An EA-based opti-
mization of the outer casing and the corresponding blade tip airfoil section of a
typical gas turbine high-pressure compressor stage, with a high number of design
variables (N = 38), is presented. In (123), the high-dimensional (N = 210) con-
strained MOO of a fan stage, using EAs enhanced by metamodels, is presented.
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Figure 1.2: Yearly number of recent publications which are relevant to the opti-
mization of thermal and hydraulic turbomachines, in ScienceDirect.

In (104), an EA-based axisymmetric multi-disciplinary optimization approach for
compressors is applied to the design of a three-stage booster with N =53 design
variables. Even though the aforementioned papers use a great number of design
variables, they typically start from an almost optimal design and, therefore, are
able to significantly restrict the design space per design variable. For instance,
(123) starts from a “pre-optimized” design and in (62) the search space of each
design variable is of the order of the tip clearance magnitude (very small). Note
that the KBD method proposed by this thesis may efficiently deal with both
high-dimensional (N>300) problems with extended search space per variable.

In the IAHR 2010 conference, 5 paper on the optimization of hydraulic tur-
bomachines were presented. Three of them, (78, 146, 149) used EAs. In (146),
the weekly operation of a multipurpose hydroelectric development, including a
pumped storage plant was optimized using an EA. In (149), an optimization
problem with two design variables, concerning the design of an axial compressor
cascade using a MAEA was presented. In (78), the author of this thesis presented
the solution of an optimization problem with 336 design variables, concerning the
design of a Francis hydraulic turbine.

Research on the CFD-based optimization in the fields of thermal and hy-
draulic turbomachines was carried out in the Laboratory of Thermal Turboma-
chines (LTT/NTUA) and the Laboratory of Hydraulic Machines (LHM/NTUA)
of NTUA. Concerning thermal turbomachines, a number of papers regarding both
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deterministic and stochastic optimization methods reflect the performed research
at LTT/NTUA. Most of them are related to the optimal design of components of
thermal turbomachines, such as compressor cascades, using a variety of optimiza-
tion methods. An indicative subset of them is mentioned below. The coupling
of stochastic optimization methods with computational intelligence is presented
in (69, 71, 100). There, the use of artificial neural networks as metamodels, in
order to assist EAs incorporating costly evaluation tools such as CFD codes, are
proposed. In (96), the use of metamodels trained on both responses and gradients
is proposed and used in the inverse design of a 3D peripheral cascade. In (101),
the hierarchical distributed MAEA is used for the viscous loss minimization of a
compressor cascade. In (16), an asynchronous EA is demonstrated on the design
of a 2D compressor cascade and in (17) a grid-enabled asynchronous MAEA is
applied to the optimization of a 3D annular compressor cascade. In (136), an
adjoint-based optimization method is proposed for the total pressure losses min-
imization in turbomachinery cascades. In (184), the computation of the exact
Hessian matrix of the objective function measuring total pressure losses in turbo-
machinery cascades is presented for use along with Newton methods. Multi-level
strategies that combine adjoint-based methods with MAEAs for turbomachines
are described in (97).

Concerning the CFD-based optimization in the field of hydraulic turboma-
chines, the work done at LHM/NTUA is related to: a) the design of optimal
components of hydraulic machines, such as runner blades, and b) the optimal
design of complete hydroelectric power plants and energy storage plants in com-
bination with other forms of renewable energy generation sources, such as wind
energy. Indicatively, in (10), the fast Lagrangian approach is incorporated into
an EA to design an optimal Turgo turbine. The optimal sizing of a run-of-river
small hydroelectric power plant utilizing an EA is described in (9). In (11, 12),
the optimization of pumped-storage systems for wind power plants is presented.

1.2 EAs: Previous work at PCOpt/NTUA

An overview of previous PhD theses on EAs which were carried out by PCOpt/NTUA
research group follows.

Giotis’ thesis (74), developed a generalized EA able to combine components
of the two most widely used evolutionary optimization methods, namely Genetic
Algorithms (GAs) and Evolutionary Strategies (ESs). In the same thesis or the
corresponding papers (48, 71, 100), the use of artificial neural networks as local
metamodels, trained on previously evaluated candidate solutions, was proposed
in order to reduce the computational burden. To reduce the wall clock time of the
optimization, parallel evaluations of candidate solutions on a number of available
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processors, via the PVM protocol were used. The EASY optimization platform
this thesis relies upon originated from Giotis’ thesis (74).

Karakasis’ thesis (98), further improved the EA efficiency by focusing on the
optimal use of metamodels in MOO problems. One of the most important out-
comes of this thesis was that the MAEA became equally efficient in both SOO
and MOO, by overcoming problems related to: (a) the fact that, in MOO, the
previously computed individuals, by the EA are spread along a front in the de-
sign space rather than clustered around the sought optimal solution and (b) the
presence of outliers that require special treatment. Distributed EAs (DEAs) were
programmed and validated, in order to increase the parallel efficiency of EAs and
avoid stagnation during the early generations. Furthermore, the notion of Hier-
archical EAs (HEAs) was introduced and this was later refined in (92). In (98),
the use of a DEA on each level of the HEA associated with a different evaluation
model was proposed.

In Kampolis’ thesis (92), the HEAs were upgraded by introducing hierarchical
schemes other than those based on the combined use of low- and high-fidelity
evaluation software. The latter made use of different parameterization schemes
(coarse and fine) or different search methods allowing, thus, the combination
of EAs with deterministic optimization methods. Finally, new artificial neural
networks trained on both the objective functions values and their gradient were
proposed, see also (96).

Asouti’s thesis (15), proposed a different way to increase the parallel efficiency
of EAs or MAEAs. This was achieved by introducing the so-called Asynchronous
EAs (AEAs) or Asynchronous MAEAs (AMAEAs). By utilizing a number of
strongly interconnected demes, according to a newly proposed topology, the asyn-
chronous variants may circumvent the “end of generation” synchronization barrier
and, thus, uninterruptibly use all the available processors. The proposed AEAs
and AMAEAs are appropriate for heterogeneous multi-processor platforms.

Georgopoulou’s thesis (63), proposed the so-called Metamodel-Assisted Memetic
Algorithm (MAMA). Memetic Algorithms (MAs) are hybrid methods that com-
bine stochastic and deterministic search methods. The proposed MAMA com-
bines the advantages of both MAEAs and MAs.

In a sixth PhD (115), Kontoleontos also used the EASY platform to optimize
energy production systems, such as geothermal power plants and ground source
heat pump systems.

1.3 Thesis Outline

A short overview of the chapters of this PhD thesis follows:
Chapter 2 presents the pre-existing algorithmic basis of this PhD. This in-

10



1.3 Thesis Outline

cludes the generalized EA with its evolution operators, the MAEA and the HEA.
Chapter 3 is concerned with the first innovative method proposed in this PhD

thesis, namely the Knowledge-Based Design (KBD) one. In the first part of this
chapter, a short overview of KBS is presented. Then, the proposed KBD method
is described in detail and used to perform the design of a 2D compressor cascade,
in order to demonstrate its merits.

Chapter 4 is dealing with EAs and MAEAs suitable to solve ill-posed opti-
mization problems. This chapter starts by describing the features of ill-posed
optimization problems. Then, the drop in EA efficiency when used to solve ill-
posed problems is investigated. An innovative way to find new directions in the
design space that, if used to redefine the design variables, would result in a better-
posed problem that can be solved using EAs and MAEAs at lower computational
cost is proposed. New evolution operators, the so-called PCA-driven ones, are
devised, in order to recover the aforementioned EA efficiency drop. Furthermore,
the use of the importance information, resulting from the PCA is used to enhance
metamodel’s efficiency. Finally, the gain achieved using the proposed methods is
quantified through a 2D compressor cascade design-optimization case.

In Chapter 5, the methods proposed in Chapters 3 and 4 are used to solve
large-scale industrial problems in the field of hydraulic turbomachines. The
parameterization, grid generation and CFD tools used in this studies are pre-
sented. Quality metrics measuring each hydraulic turbine quality with respect
to cavitation, blade loading and draft-tube coupling are introduced. Then, the
optimization of a Francis turbine, performed in the context of a moderniza-
tion/rehabilitation project, is used to demonstrate the merits of the KBD method,
by comparing it with a conventional EA. Also, the optimization of a new type of
hydraulic turbine, the so-called Hydromatrixr, is carried out in order to demon-
strate the gain expected from MAEAs using the proposed PCA-driven evolution
operators.

Chapter 6 is dedicated to the design-optimization of the compressor cascade
installed at LTT/NTUA. This case is used to investigate the combined effects
of using the PCA-driven evolution operators and the PCA-assisted metamodels,
proposed in Chapter 4.

Finally, Chapter 7 summarizes the conclusions drawn in this PhD thesis.
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2

Evolutionary Algorithms (EAs)

2.1 Introduction - Overview of EAs

Several stochastic optimization methods have been inspired by and/or based on
Darwin’s theory of evolution on the origin of species (33). Hereafter, the afore-
mentioned methods along with their variants (there are plenty of them) will be
referred to as Evolutionary Algorithms (EAs) (126). The increasing power of
modern multi-processor computational platforms and their availability at rela-
tively low cost, combined with the inherent parallelization of population-based
algorithms, suggest that EAs, combined with existing analysis tools, can be used
as efficient industrial design tools. In our case, the analysis or problem-specific
solution software is a Computational Fluid Dynamics (CFD) code. The cost of
running the CFD code, quite often more than once per candidate solution (such
as in case of a multi-point design) times the number of required trials determines
the overall computational cost of the EA-based optimization.

An EA is a generation-based, stochastic optimization method handling popu-
lations of individuals evolving from generation to generation. Each individual ~x
represents a potential solution to the optimization problem in hand and must be
evaluated to obtain a measure of its “fitness” or “cost”, according to user-defined
objective functions. In each generation, the EA selects the most fit among the
previous generation members (the so-called “parents”) and evolves them by ap-
plying evolution operators (recombination, mutation, etc.). The new population
(“offspring”) is expected to fit better to the environment determined by the se-
lected objective function(s).

The first attempts to use EAs as problem solving techniques are dated back
to mid-50’s and can be found in separate works by Friedberg, Bremermann and
Box. Friedberg (57, 58) presented an EA capable of creating a program to per-
form a given task; though quite premature by that time, this was in fact an
ancestor of evolutionary programming (see below). During the same period of
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time, Bremermann (23) was among the first to apply EAs to numerical (linear
and convex) optimization problems including the solution of systems of nonlinear
equations. Box proposed the use of EAs as a method for improving industrial
processes and increasing productivity (21, 22). By that time, these first attempts
were treated with considerable skepticism. Soon after, several methods which ini-
tiated the three broad classes of EAs, namely evolutionary programming (EP),
evolutionary strategies (ES) and genetic algorithms (GA), were brought to light.

EP was proposed by L. J. Fogel by mid-60’s (51, 52, 53). EP was developed by
considering machine learning tasks by means of finite-state machines (FSM1). The
optimization problem was initially defined as evolving an algorithm (program) for
predicting arbitrary time series. In EP, (53), each offspring is created by randomly
mutating each parent. The offspring with the best value is, then, retained to
become a parent in the next generation. EP was successfully applied to problems
in prediction identification, automatic control and pattern recognition. Until
mid-80’s, EP was confined to the FSM representation. In 1986 EP was extended
to alternative representations including ordered lists for the travelling salesman
problem and real-valued vectors for continuous function minimization. Later on,
a self-adaptative EP (54) was proposed by including mutation variance in the
evolution.

The first ES was proposed in 1965 by Rechenberg (151) using discrete, bino-
mially distributed mutations (centered at the parent’s position) and just a single
parent and a single offspring per generation. Later on, ES was further developed
both by Rechenberg (152) and Schwefel (164), by introducing recombination and
adaptive mutation (152). Using real-valued representation of the optimization
variables, mutation is performed by adding a normally distributed random value
to them. The introduction of recombination as an additional evolution opera-
tor for creating offspring, being impossible with just a single parent, led to the
multi-membered ES. This is usually referred to as a (µ, λ)ES, i.e. an ES with µ
parents and λ offspring. One of the most successful variances of ES is the covari-
ance matrix adaptation ES (CMA-ES) (79). In CMA-ES, the covariance matrix
of the multivariate normal distribution, from which the candidate solutions are
sampled, is updated during the evolution. CMA-ES was found to be particularly
useful in solving non-separable optimization problems. (80, 81).

In 1962, GAs were proposed by Holland (84, 85) as an evolution emulating
tool for aiding the understating of the underlying principles of adaptive systems
2. In comparison to other contemporary researchers in the field of EAs, Holland

1A finite-state machine (FSM) is a mathematical model used to design computer programs
and digital logic circuits. FSM is an abstract machine that can be in one among a finite number
of states.

2Systems that are capable to undergo self-modifications in response to their interactions
with the environment which they must function in.
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focused differently and laid emphasis on the algorithmic nature of GAs in the
sense that the reproduction and inheritance mechanisms were based on operators,
such as mutation, crossover and inversion, which are well known from genetics 1.
In addition, the representation of the evolving objects was made by using binary
strings in direct analogy to the genetics genome. The binary string representation
was one of the distinctions between ES and GA, considered as important at least
in the early stages of their lives.

Genetic Programming (GP) was proposed by Crammer in mid-80’s (32) and
was, then, improved by Koza (117) aiming at the automated design of computer
programs with the ability to perform a given computational task. In GP, individ-
uals (computer programs) are represented as tree structures 2 where each node
is given an operator function and each terminal node an operand. Representing
programs in this way offers easy evaluation and makes the application of the
evolution operators possible, in the sense that recombination can take place by
exchanging nodes between the parents whereas mutation by replacing nodes at
random.

In PCOpt/NTUA, GA and ES are both represented by a generalised (µ, λ)EA
(74, 92, 98), as described in section 2.3. The (µ, λ)EA main characteristics are
the population-based evolution and the fact that the inheritance of candidate
solution features is based on both probabilistic criteria and decisions made upon
a fitness or cost function, which quantifies the ability of each individual to survive
in the user-defined environment. The evolution, from each generation to the
next, fig. 2.1, is carried out through the so-called evolution operators (parent
selection, recombination, elitism and mutation). The generalised (µ, λ)EA, which
is used and enhanced in this PhD thesis, can be used as either a conventional
ES or a conventional GA, by carefully adjusting the algorithmic settings and the
optimization variable representation (binary or real coding).

The three main advantages of EAs are their ability to (a) avoid being trapped
into local optima and, thus, locate the global optimum, (b) compute Pareto fronts
of optimal solutions in MOO problems, with a single run and (c) accommodate
any ready-to-use analysis software without requiring access to its source code.
The only prerequisite for carrying out an EA-based optimization is the avail-
ability of an appropriate evaluation software (even a commercial one, considered
as a black–box tool within the optimization loop), objective functions and well
defined design variables along with lower and upper bounds for each of them.

1Genetics is a branch of biology, the science of genes, heredity and the variation in living
organisms.

2A tree structure can represent graphically the hierarchical nature of an object. Tree struc-
tures start from the so-called “root” node, which is the highest in hierarchy. Lines connecting
elements, to be referred to a nodes, are called “branches”. The lowest in hierarchy nodes are
called “end-nodes” or “leaves”.
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Figure 2.1: Schematic representation of an EA. Each population is derived by
the previous one via the application of evolution operators such as parent selection,
crossover and mutation. Elitism is not shown here.

However, the need to evaluate all individuals in each generation, so as to assign
fitness or cost values to all of them, is the weak point of EAs, particularly if the
evaluation of each candidate solution is computationally demanding. Optimiza-
tion in aerodynamics or hydrodynamics which relies on expensive CFD software
is a typical example. This increases noticeably the optimization turn-around
time and, often, makes the whole process non-affordable for industrial use. To
overcome this weakness, several techniques have been proposed, (69, 90). These
are classified in those reducing the optimization turn-around time by performing
concurrent evaluations of the population members on a multi-processor platform
and those reducing the number of evaluations needed to reach the optimal so-
lution(s). These two techniques can certainly be combined. A first overview of
these techniques is given below.

A Parallel Evolutionary Algorithm (PEA) (15, 74, 92, 98) is an EA adapted
to take advantage of the availability of multi-processor systems, for reducing the
optimization turn-around time. PEAs can be classified into single- and multi-
population EAs. In a single-population or panmictic EA, each population mem-
ber can, potentially, mate (be recombined) with any other. Standard way of par-
allelization is the concurrent evaluation scheme, with centralized selection and
evolution (the so-called “master-slave” model). A multi-population EA handles
partitioned individual subsets, according to a topology which often maps directly
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onto the parallel platform and employs decentralized evolution schemes; these
can be further classified into distributed (83, 94, 100) and cellular EAs (7, 132),
depending on the subpopulations’ structure and granularity.

All the aforementioned PEAs refer to synchronous EAs, in which the use of the
multi-processor platform is restricted to the concurrent evaluation of candidate
solutions, without altering the, generation-by-generation, sequential nature of
evolution in EAs. This creates a synchronization barrier at the end of each
generation; at this point, a number of processors may remain idle while waiting
for the remaining generation members to be evaluated. In order to minimize
(practically eliminate) the idle time of processors, asynchronous EA (AEA) (8,
16) have been developed. The AEA proposed by PCOpt/NTUA overcomes the
sequential nature of evolution by applying the evolution operators to a number of
strongly interacting (overlapping) demes which may optimally use all the available
processors.

A metamodel-assisted EA (MAEA) employs low-cost surrogate evaluation
models, i.e. the so-called “metamodels”, as often as possible, during the opti-
mization. This decreases substantially the number of calls to the computationally
expensive, problem-specific evaluation code (such as the CFD software). Polyno-
mial regression, artificial neural networks, Gaussian processes etc. have all been
used as metamodels. Schemes based on different interactions between the meta-
model and the problem-specific evaluation tool can be found in the literature
(47, 69, 90, 103). MAEA implementations can be classified in two basic cat-
egories, depending on whether the metamodel(s) is/are trained separately from
(off-line) or during (on-line) the evolution. Additionally, global (i.e. a single meta-
model for the entire search space) or local (i.e. each of which being valid over a
different part of the search space) metamodels can be used.

Additional reduction in the optimization turn-around time can be achieved by
employing hierarchical EAs (HEAs) or MAEAs (HMAEAs)(83, 92, 94, 98, 101,
122). These are built based on a small number of interconnected levels. On each
level, different search methods, different evaluation software and/or different sets
of design variables can be employed. One- or two-way inter-level communication
schemes can be used. On levels employing EA-based search, a PEA or MAEA or
both can optionally be used. Multi-level optimization algorithms can, generally,
be classified as follows (73):

(a) Multi-level Evaluation, where each level is associated with a different eval-
uation software. The lower levels are responsible for detecting promising solutions
at low CPU cost, through low-cost problem–specific evaluation models, and de-
livering them to the higher level(s). There, evaluation models of higher fidelity
and CPU cost are employed and the immigrated solutions are further refined.

(b) Multi-level Search, where each level is associated with a different search
technique. Stochastic methods, such as EAs, are preferably used on the lower
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2. Evolutionary Algorithms (EAs)

level(s) for the exploration of the design space, leaving the refinement of promis-
ing solutions, often via gradient-based methods, on the higher level(s). Other
combinations of search tools are also possible. Memetic algorithms (64, 65, 116,
118, 133, 134) is a class of multi-level search that combines global and local search
methods, where the latter aims at improving the quality of promising solutions.

(c)Multi-level Parameterization, where each level is associated with a different
set of design variables. On the lowest level, a subproblem with just a few design
variables is solved. On the higher level(s), the problem dimension increases. The
most detailed parameterization is used on the highest level.

2.2 Optimization Problems - Definitions

Any optimization problem withM objectives (cast in vector ~F ) andK constraints

(cast in vector ~C) can be formulated as:

min ~F (~x) = (f1(~x), f2(~x), ..., fM(~x)) ∈ <M

subject to ck(~x) ≤ dk, k = 1, K (2.1)

where ~x ∈ X ≤ <N is the design vector and X the design space. If equality
constraints c∗(x) = d∗ are to be imposed, these can be transformed into inequality
ones c(x) = ‖c∗(x) − d∗‖ ≤ d, where d ∈ < is an infinitessimally small number.
If M>1, problem 2.1 represents a multi-objective optimization (MOO) problem;
in such a case, the notion of Pareto dominance (186) is used to associate a scalar
cost value to each individual, based on which an algorithm solving single-objective
optimization (SOO) problems can be employed. In MOO problems, a single run
of an EA is capable of delivering a Pareto front of non-dominated individuals,
rather than a single “optimal” solution, standing for an offset among the various
objective functions.

2.2.1 Multi-Objective Optimization and EAs

In contrast to SOO where the scalar cost function, which determines the survival
of candidate solutions from generation to generation, is derived directly from
the objective function, a solver for MOO problems handles a vector of objectives.
Therefore, in order to rely on the EA built for solving SOO problems, a technique
to transform this vector to an appropriate scalar cost value is needed. In the liter-
ature, several techniques for handling this problem exist (27, 30, 129). The most
commonly used among them concatenate the M objective functions into a scalar
cost function, either by associating weights to each one of them or by accounting
for the distance between the candidate solution and a user-defined ideal point in
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the objective space or, even, by using ranking techniques based on the notion of
Pareto dominance (see below). In this PhD thesis, all MOO problems are handled
using techniques relying on Pareto dominance criteria. Different implementations
of Pareto dominance based techniques exist in the literature; among them, the
most widely used ones are MOGA 1 (55), NPGA 2 (86), NSGA 3 (170), NSGA2
(36), SPEA 4(188), SPEA2 (187), PAES 5 (107) and PESA 6 (31). The definition
of Pareto dominance and Pareto optimality in minimization problems, which the
aforementioned techniques rely on, follow:

Pareto Dominance: Solution ~x1 dominates solution ~x2 (~x1 ≺ ~x2) if and only

if ~F (~x1) is partially less than ~F (~x2), i.e.

~x1 ≺ ~x2 ⇔ (∀i ∈ [1,M ] : fi(~x1) ≤ fi(~x2)) ∧ (∃i : fi(~x1) < fi(~x2)) (2.2)

Pareto Optimality: Solution ~x1 ∈ X is a Pareto optimal solution with respect
to X if and only if there is no ~x ∈ X that dominates ~x1, or

@~x : ~x ≺ ~x1, ~x, ~x1 ∈ X⊆<N (2.3)

In fig. 2.2, a schematic representation of the Pareto optimality is shown. A
minimization problem with two objective functions, f1 and f2, is considered.
Black circles denote the front of non-dominated individuals whereas the empty
circles denote dominated individuals. In the sake of clarity, the part of the ob-
jective space which is dominated by ~x1 is highlighted in grey. Individuals located
in the grey area are dominated, at least, by ~x1.

A detailed presentation of three techniques (SPEA, SPEA2 and NSGA2) used
in this thesis follows in section 2.3.2.

2.2.2 Constrained Optimization and EAs

In engineering, almost all optimization problems are subject to constraints which
split the design space into feasible and infeasible regions. EAs may handle con-
straints through (a) the use of penalty functions (34, 131), by assigning greater

1Multi-objective Genetic Algorithm.
2Niched Pareto Genetic Algorithm.
3Non-Dominated Sorting Genetic Algorithm.
4Strength Pareto Evolutionary Algorithm.
5Pareto Archived Evolution Strategy.
6Pareto Envelope-based Selection Algorithm.
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f1

f2

Figure 2.2: Schematic representation of Pareto dominance in a two-objective
minimization problem (min(f1) andmin(f2)). ~x1 is a Pareto optimal solution since
this is not dominated by any other solution. ~x1 dominates all individuals located
in the grey box. All Pareto optimal solutions are marked with black circles.

chances to survive to individuals satisfying the constraints (147), (b) the con-
version of constraints into objectives (171, 172) and/or (c) the use of correction
operators (128). A detailed survey on the subject can be found in (29, 127). In
the present thesis, penalty functions are used as presented in section 2.3.3.

2.3 The Evolutionary Algorithm SYstem (EASY)

EASY is a generic optimization platform which implements the (µ, λ)EA, (70, 74,
92, 98). EASY has been developed by PCOpt/NTUA and was used as the algo-
rithmic basis for all techniques proposed in this thesis. EASY supports MAEAs
using on- or off-line trained metamodels, various forms of multi-level optimiza-
tion as described in section 2.1, distributed and asynchronous search; it is also
Grid/Cluster-computing enabled, based on the DRMAA library, (121). A de-
tailed analysis of the implemented (µ, λ)EA, considered as the background opti-
mization method in this thesis, follows.
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2.3.1 The (µ, λ)EA

Each generation, denoted by superscript g, of the (µ, λ)EA is associated with three
dynamically updated populations: the offspring P g

λ population with λ offspring,
the parent P g

µ population containing µ parents and the elite P g
e population with

e elites. P g
e contains all or some of the currently best individuals. Depending on

the design variables coding (binary, binary Gray or real), appropriate evolution
operators are applied.

The background (µ, λ)EA in use, (74), comprises the following steps:

Step 1: (Initialization) g = 0, P g−1
e = ∅ and P g

µ = ∅. All P g
λ members

are initialized using a pseudo-random number generator, in accordance to
the user-defined lower and upper bounds of each design variable. A number
of user-defined individuals, such as existing sub-optimal solutions to the
same problem or optimal solutions to similar problems, can optionally be
included into the initial population.

Step 2: (Evaluation) All individuals in P g
λ are evaluated using the problem-

specific evaluation model. In all applications this thesis is dealing with, this
is a CFD code. Later, when dealing with MAEAs, this will also be referred
to as “exact evaluation model” to clearly distinguish it from evaluations
(pre-evaluations) on cheaper surrogate models. The evaluation step is, al-

ways, considered to be time-consuming and yields vectors ~F (~x) ∈ <M for
each ~x ∈ P g

λ .

Step 3: (Cost assignment) For each ~x ∈ P g
λ ∪ P g

µ ∪ P g−1
e , a scalar cost

Φ(~x) value is assigned based on ~F (~x). In SOO, Φ(~x) ≡ F (~x). In MOO, the
techniques presented in section 2.3.2 are employed.

Step 4: (Elite selection) The e∗ non-dominated individuals (in a MOO
problem) or the best one (SOO) in P g

λ ∪ P g−1
e are selected to enter P g

e . If
e∗>e, a thinning operator (74) can be applied to remove the e∗−e excess
individuals.

Step 5: (Elitism) A few elite individuals, selected at random from P g
e ,

replace the worst members of P g
λ .

Step 6: (Parent selection) The new parent population P g
µ is selected from

P g−1
µ and P g

λ by taking into account the scalar cost values Φ computed in
step 3 and the maximum allowed age κ (measured in generations) of each
individual. Symbolically, P g

µ = S(P g−1
µ , P g

λ , κ)

Step 7: (Recombination and mutation) The next generation of the off-
spring population P g+1

λ is derived from P g
µ by applying the recombination
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(or crossover) and mutation operators. Recombination R() is the process of
combining the genotypes of ρ parents to create an offspring (section 2.3.1.1).
The recombination operator is used λ times, with different sets of ρ par-
ents, randomly selected from P g

µ , to create λ new offspring. Next step is
the application of the mutation operator. Mutation M() is a process which,
with a small probability, randomly alters parts of the individual genotype.
Symbolically, P g+1

λ = M(R(P g
µ)) (section 2.3.1.1).

Step 8: (Stopping criterion) Unless any of the stopping criteria is met,
return to Step2.

The basic nomenclature of the (µ, λ)EA is given in table 2.1.

Number of design variables N
Number of objectives M
Number of constraints K
Candidate solution, design vector ~x = (x1, ..., xN)
Objective function fi(~x)

Vector of objective values (if M>1) ~F = (f1(~x), ..., fM(~x))
Constraint function ci(~x)

Vector of constraint values ~C = (c1(~x), ..., cK(~x))
Scalar cost value (Φ=f for M=1) Φ
Number of offspring λ
Number of parents µ
Number of elites e
Maximum allowed age (in number of generations) κ
Number of parents per offspring ρ

Table 2.1: Nomenclature of the (µ, λ)EA.

2.3.1.1 Evolution Operators

The evolution operators employed in EASY are the parent selection, recombina-
tion, mutation and elitism. These are further discussed below:

Parent Selection: The parent selection operator selects the members of P g
µ

from a set of already evaluated individuals. In EASY, based on the sixth step
of the algorithm presented in section 2.3.1, this set is the union of P g−1

µ and P g
λ .

The most common parent selection techniques (19) are:
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2.3 The Evolutionary Algorithm SYstem (EASY)

a) Proportional Selection: Each member of P g−1
µ ∪ P g

λ is given a prob-
ability to become a parent, which is inversely proportional to its cost value
Φ. Recall that a minimization problem is to be solved. The proportional
selection is, practically, implemented via a roulette wheel. On the roulette
wheel, each and every set member is given a slot, the angular size of which
is proportional to its probability to become a parent. The roulette wheel is
used µ times so as to create µ parents.

b) Linear Ranking: In linear ranking, the P g−1
µ ∪P g

λ members are sorted
according to their Φ values. The probability of each one of them to become
a parent depends linearly on its position in the corresponding list and not
on the Φ values themselves.

c) Probabilistic Tournament Selection: In probabilistic tournament
selection, (77), a number of individuals are selected at random from the
P g−1
µ ∪P g

λ set and, with a user-defined (typically high) probability, the best
individual from this group is selected to become a parent. Otherwise, a ran-
domly chosen one among the remaining individuals becomes parent. This is
repeated µ times. In tournament selection, the most important user-defined
parameters are the tournament size, i.e. how many individuals participate
in each tournament and the probability of the best among them to be se-
lected as parent. Typical values are: participation of 2 or 3 individuals in
each tournament and 80%-95% probability to select the best among them.

Recombination: Since the first appearance of EAs, numerous discussions about
the advantages of employing the recombination operator can be found (159, 160,
169). In general, the purpose of recombination is to increase the probability of
an offspring to become fitter than its parent(s). Recombination schemes can be
classified depending on the design variables’ coding.

In EAs based on binary coding, the recombination operator undertakes
the exchange of pieces of binary strings encoding the design vector between the
parents, in order to create an offspring. In EASY, the following recombination
operators, which are appropriate for use with binary coding, exist:

a) One-Point Recombination: In the one-point binary recombination,
with ρ parents per offspring, the binary string is divided into ρ−1 parts of
equal length in binary digits. Then, ρ parents are selected at random from
the P g

µ set and, using them, (ρ−1) pairs of parents are formed; all of them
include the first parent. If the first parent is denoted by 1, the (ρ−1) pairs
are: (1, 2), (1, 3), ..., (1, ρ). For each one of the (ρ−1) pairs, a random integer
X determines the corresponding crossover point. Each offspring is formed
by combining the left part of the first parental string and the right part of
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the other parent, according to the aforementioned pairings. A three-parent
example (ρ = 3) is presented in fig. 2.3.

1 00 001 1 1 1 1

11

Crossover point 1

}
Parents

0 11 001 1 1 0 1

11 10 0} }

part 1 part 2

1 00 001 1 1 1 1

1 01 0 110

Crossover point 2

1 0 01 0 1

Offspring

Figure 2.3: One-point binary coding recombination with ρ = 3. In this case, the
chromosome is divided in two parts (ρ− 1 = 2) and, then a vertical cut per part is
created at random.

b) Two-Point Recombination: This scheme is similar to its one-point
counterpart, the only difference being that two crossover points X1 and X2

are used. A two-parent example is illustrated in fig. 2.4.

1 00 001 1 1 1 1

0 11 001 1 1 0 1

1 01 1 1 00 1

1 00
00

1 1 1
1

1

0 11 001 1
1 0

1

Crossover point 1

}
Parents

Offspring

Crossover point 2

1 1

Figure 2.4: Two-point binary coding recombination with ρ = 2. In this simple
case, the chromosome is handled as a whole (ρ − 1 = 1) and two vertical cuts are
created at random.

c) One- or Two-Point Recombination per Design Variable: Here,
the aforementioned one- and two-point recombination schemes are sepa-
rately applied to the parts of the binary string that correspond to each
design variable.
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Using real coding, the recombination operator applies directly to the real-
valued design variables. In EASY, this is carried out as follows:

a) One- or Two-Point Recombination: The one- and two-point re-
combination schemes, as described for binary coding, can be adapted to
real coding by exchanging pieces of the design vector ~x instead of pieces of
binary strings. The randomly selected crossover variable is the only one to
be affected by both parents according to a randomly generated weight r. A
one-point, two-parent example is presented in fig. 2.5.

X1

Crossover point

}
Parents

Offspring

X2 X3 X4 X5 X6 X7 X8 X9 X10

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10

X1 X2 X3 X4

X5
X6 X7 X8 X9 X10

X1 X2 X3 X4
X5

X6 X7 X8 X9 X10

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10

1 1 1 1 1 1 1 1 1 1

1 1 1 1
1

1 1 1 1 1

2 2 2 2 2 2 2 2 2 2

2 2 2 2
2

2 2 2 2 2

1 1 1 1 2 2 2 2 21,2

Figure 2.5: One-point real coding recombination with ρ = 2. The superscript
and subscript denote the parent and the design variable respectively. The crossover
variable (e.g. 5) is selected at random. In the offspring, this variable is given by
x1,25 = x15 + r(x25− x15), where r is a random number, uniformly distributed in [0, 1]
(r ∈ U(0, 1)).

b) Discrete Recombination: In discrete recombination with ρ parents,
each real-valued design variable in the offspring has 50% probability to be
copied either from the first parent ~x1 or any other ~x random, randomly chosen
among the ρ−1 remaining ones. A three-parent example is presented in fig.
2.6.

X1

}
Parents

Offspring

X2 X3 X4 X5 X6 X7 X8 X9 X10

1 1 1 1 1 1 1 1 1 1

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10
3 3 3 3 3 3 3 3 3 3

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10

2 2 2 2 2 2 2 2 2 2
X1 X4 X6 X7 X10

1 1 1 1 1
X2
2
X3
3

X5
3

X8
2

X9
3

Figure 2.6: Discrete real coding recombination with ρ = 3. ~x1 is the first parent.

c) Intermediate Recombination: In intermediate recombination, each
component of offspring ~x is a linear combination of the first parent ~x1 and
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~x random, which may be any other parent randomly chosen among the ρ− 1
remaining ones. Thus,

~x = ~x1 + r(~x random − ~x1), r ∈ U [0, 1]

where r ∈ U(0, 1) means that r is a random number, uniformly distributed
in [0, 1]. A different random number is generated for each design variable.

d) Simulated Binary Crossover: The so-called simulated binary crossover
(SBX) (35) aims at recreating the one-point binary recombination by repli-
cating its (a) average property 1 and (b) spread factor property2 (35). The
offspring ~x is generated based on the formulas

~x =

{
~x− β

2
(~x random − ~x1) , r < 0.5

~x+ β
2
(~x random − ~x1) , r ≥ 0.5

(2.4)

where r ∈ U [0, 1], ~x1 the first parent, ~x random is randomly selected among
the ρ− 1 remaining parents, ~x is the middle point between ~x1 and ~x random

and the spread factor β is defined by

β =

{
(2r)n , r ≤ 0.5(

1
2r

)n+2
, r > 0.5

(2.5)

Given that r ∈ U [0, 1], the probability distribution of β can be plotted
for various values of n based on eq. 2.5 (fig. 2.7, left). Based on the β
probability distribution and eq. 2.4, the probability distribution of offspring
appearance on the design space as a function of n can be plotted (fig.
2.7, right for a 1D problem and fig. 2.8 for a 2D problem). In general,
higher n values increase the probability of β ≈ 1, which in turn increases
the probability of creating near-parent offspring (spread factor property).
This, together with the symmetrical offspring probability distribution with
respect to ~x (average property), show that SBX may in fact simulate the
one-point binary crossover.

Mutation: In EAs, the role of mutation is to introduce and preserve diver-
sity in the population. Thus, mutation prevents the population from becoming

1The average of the decoded variable values is the same before and after the crossover
operation.

2The spread factor (β) is defined as the ratio of the spread of offspring to that of parents.
Contracting, expanding or stationary recombination correspond to β < 1, β > 1 or β = 1
respectively. The spread factor property states that the occurrence of spread factor β ≈ 1 is
more likely than any other β value.
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Figure 2.7: The offspring probability distribution of a 1D problem using SBX,
with various values of n, is plotted as a function of the parents P1 and P2 (left). The
corresponding probability distributions of β are plotted on the right. Increasing n
leads to higher probability of β ≈ 1.

prematurely homogenized, in which case slow or stagnated evolution may occur.
Mutation is applied to each offspring generated using the recombination operator,
subject to a small mutation probability Pm. From the implementation viewpoint,
mutation depends on whether binary or real coding is used.

In EAs based on binary coding, mutation is applied to each and every bit
of the binary string. Each bit can be inverted (flip1), with a probability Pm.

In real coded EAs, mutation is applied to each real-valued component of ~x,

~xm =

{
~x , Pm > r
M(~x,D) , Pm ≤ r

(2.6)

where r ∈ U [0, 1] seeded separately for each member of ~x and

M(~x,D) =

{
~x+D(g, ~U − ~x) , r1 > 0.5

~x−D(g, ~x− ~L) , r1 ≤ 0.5
(2.7)

where r1 ∈ U [0, 1], ~U and ~L are the vectors of upper and lower bounds of ~x
respectively and

D(g, y) = yr2(1− g/gmax)
0.2 (2.8)

1Bit flip is a state switch, from 0 to 1, or vice-versa.
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Figure 2.8: The offspring probability distribution in a 2D optimization problem
using SBX recombination for n = 0 (top) and n = 2 (bottom) is presented. The
recombination uses two parents, namely P1(1, 1) and P2(−1,−1).

0 11 001 1 1 0 1 0 10 001 1 1 0 1

flipped bit

Figure 2.9: Binary coding mutation.
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where gmax the number of maximum generations and r2 ∈ U [0, 1]. Alternatively,
the termination criterion can be based on the number of evaluations, so g/gmax

must be replaced with Ev/Evmax, where Ev is the evaluation counter and Evmax

the maximum allowed number of evaluations.

Elitism: In EAs, the purpose of elitism is to guarantee a monotonously improv-
ing course of evolution (19). In EASY, a separate population P g

e is maintained
and updated accordingly at the end of each generation (step 4 of the (µ, λ)EA,
section 2.3.1). Elitism implies that a user-specified number of elite individuals
replace the worst members of the offspring population P g

λ , prior to the application
of the parent selection operator.

2.3.2 Solving MOO Problems with EASY

As mentioned in section 2.2.1, in MOO problems, a technique that transforms ~F
into a scalar cost function Φ is required. Symbolically,

Φ(~x) = Φ(~F (~x)) : <M → <1 (2.9)

The SPEA, SPEA2 and NSGA2 techniques, which are available in EASY, are
presented below.

SPEA: SPEA was proposed by Zitzler and Thiele (188) in 1998 as a MOO cost
assignment technique based on Pareto dominance. In SPEA, Φ(~x) is computed
in two steps as follows:

Step 1: (Strength Computation) The strength of each member of the pop-
ulation P = P g

λ ∪ P g
µ ∪ P g−1

e is computed. The strength of individual i (Si)
is defined as the sum of the population members which are dominated by
i, divided by the population size, namely

Si =

∑
(j : j ∈ P ∧ i ≺ j)∑

P
, ∀i ∈ P = P g

λ ∪ P g
µ ∪ P g−1

e (2.10)

Step 2: (Cost Computation) The cost value Φ for each population member
is computed as the sum of strengths of the population members which
dominate it,
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Φi =
∑

j∈P∧i≺j

Sj (2.11)

SPEA2: SPEA2 (187) is an enhanced variant of SPEA which additionally in-
corporates density information. A nearest neighbour density estimation technique
which allows a more precise guidance of the search process is incorporated, thus
improving, compared to SPEA, the distribution of individuals along the Pareto
front.

SPEA2 performs three steps to compute Φ. These steps are:

Step 1: (Strength Computation) As in SPEA.

Step 2: (Density Computation) For each population member, the density
metricDi is calculated as a function of its distance from its closest neighbour
in the objective space di,

Di =
1

di + 2
(2.12)

where

di = min(‖ ~Fi − ~Fk ‖), k ∈ P

Step 3: (Cost Computation) The cost values for all population members
are calculated as the sum of the raw cost Ri and the density metric, Di,

Φi = Ri +Di (2.13)

Here, Ri is the sum of the individual strengths of the population members
which dominate it, namely

Ri =
∑

j∈P∧i≺j

Sj

NSGA2: NSGA2 (36) is an improved variant of NSGA (170) addressing the
high computational complexity of non-dominated sorting, the lack of elitism and
the need for specifying the sharing parameter of the initial algorithm. A modified
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variant of NSGA2 is available in EASY. As proposed in (36), instead of computing
Φ values, NSGA2 relies upon sorting the individuals according to Pareto dom-
inance and density criteria. The modified variant of NSGA2 used in this PhD
thesis includes the following steps:

Step 1: (Front Ranking) All members of the population are classified in
fronts with decreasing Pareto dominance.

Step 1-a: (Initialization) Initialize the front counter i = 0 and the
auxiliary set S = P g

λ ∪ P g
µ ∪ P g−1

e .

Step 1-b: (Find non-dominated members of S) Locate the non-
dominated members of S and copy them to Fi.

Step 1-c: (Update) Update S = S −Fi and i = i+ 1. if S 6= Ø go to
Step 1-b; else, set the number of fronts NF equal to i− 1.

Step 2: (Density Computation) For each member j ∈ Fi, the density
metric dj, which is equal to the average side-length of the cuboid defined by
its neighbouring individuals in Fi, is computed. This procedure is repeated
for all fronts i and all individuals are given a density metric value.

Step 3: (Cost Computation) Based on the density metric (calculated in
Step 2) and front i (calculated at Step 1) which each individual belongs to,
a scalar Φ is assigned to each individual as follows,

Step 3-a: (Initialization) Set i = 0 and Φb = 1.0.

Step 3-b: (Computation of Φ) For each member j ∈ Fi, Φ is calcu-
lated as

Φj = Φb(1 +
dmax − dj

dmax

)

where dmax is the maximum of all dk ∀k ∈ Fi

Step 3-c: (Update) Update Φb = 1.1max(Φj) and i = i+1. If i ≤ NF

return to Step 3-b, otherwise stop.

2.3.3 Constraints’ Handling in EASY

In EASY, penalty functions are used to handle constrained optimization problems
(COP), see section 2.2. Penalty terms, proportional to the magnitude of the
constraint violation, are added to the cost function. According to eq. 2.14, for
each constraint, a “nominal threshold” dk is defined as the maximum possible
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constraint function value allowed by the optimization problem. Furthermore, a
“relaxed” threshold d∗k > dk is introduced. Once an individual violates the relaxed
threshold of one of the constraints (ck >d∗k), death penalty (Φ=∞) is given to
it. If the individual violates one or more of the constraints (dk<ck<d∗k) without
exceeding any of the relaxed threshold values, its cost value Φ is penalized as
follows:

Φ(~x) = Φ(~x) +
K∏
k=1

{
exp(ak

ck(x)−dk
d∗k−dk

) , ck(x) > dk

1 , ck(x) ≤ dk
(2.14)

where the user-defined set of coefficient values in ~a control the penalization in-
tensity.

2.3.4 Metamodel-Assisted Evolutionary Algorithm (MAEA)

Due to the use of costly evaluation models (such as the CFD software to nu-
merically predict flows in or around complex 3D geometries), solving engineering
optimization problems by means of EAs may become very computationally de-
manding. The extensive smart use of low-cost surrogate evaluation models (often
referred to as “metamodels”) during the optimization decreases substantially the
number of calls to the computationally expensive, problem-specific evaluation
code (CFD). This makes EAs a viable tool which can routinely be used to solve
large-scale industrial optimization problems, in affordable wall clock time. Lit-
erature surveys on the use of metamodels within EAs can be found in papers
(45, 47, 69, 90) or books (103).

Polynomial regression, artificial neural networks, Gaussian processes etc. have
all been used as metamodels. The existing MAEAs differ since they apply dif-
ferent interactions between the metamodel and the problem-specific evaluation
models. Hereafter, all of them will be referred to as MAEAs. In this thesis,
on-line trained metamodels are used (69, 71, 99).

In on-line trained metamodels, for all but the first few generations, the meta-
models are used to pre-evaluate the current population. Based on the outcome
of approximate pre-evaluations (Inexact Pre-Evaluations, IPE), the few most
promising individuals are identified and these solely undergo evaluation with the
problem-specific evaluation model to compute their “exact” objective function
value(s), before proceeding to the next generation. The (µ, λ) MAEA is sketched
in fig. 2.10.

Radial Basis Function (RBF) Networks: In this PhD thesis, RBF networks
are used as metamodels. Nevertheless, the new methods proposed in the next
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Figure 2.10: The (µ, λ)MAEA using on-line trained metamodels. The loop cor-
responds to a single EA generation. The IPE phase, within the EA–based search,
is described in (69, 71, 99).

chapters could be combined with any other type of metamodels. RBF networks
are artificial neural networks (ANNs) (82) with three neuron layers, (input, hidden
and output) as shown in fig. 2.11. Signals propagate through the network in the
forward direction, from the input to the output layer, by performing a nonlinear
mapping (eq. 2.15) followed by a linear one. This mapping introduces weight
coefficients wl that must be computed during the network training on a number
of available patterns. An RBF network to be used within a MAEA should have
N input units, i.e. as many as the design variables. The hidden layer includes L
nodes, associated with the so–called RBF centers cl. At each hidden neuron, a
nonlinear mapping of the input signals to a single value is performed using the
radial-basis activation function G : <N → <, acting on the distance of input

~x (eq. 2.15) from the corresponding center ~cl ∈ <N . In the present thesis, the
Gaussian activation,

G(u, r) = exp(
−u2

r2
) (2.15)

where u = ‖x− cl‖2 the distance from the corresponding lth RBF center, is used.

The radii or widths r values may considerably affect the prediction abilities of
the network; these are computed using heuristics, (82). The output layer includes
as many nodes as the expected network responses. The single response we are
dealing with is expressed by the sum of the weighted output signals from the
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Figure 2.11: Radial basis function (RBF) network.

hidden neurons, as follows

f(x) =
K∑
1

wiG(u(xi), r) (2.16)

If the number of hidden nodes (K) is equal to the number of training patterns
(T ), the choice of the RBF centers is straightforward, i.e. ~c(t) ≡ ~x(t), t ∈ [1, T ],
ensuring that the T samples are exactly interpolated. In this case, the network
training requires the solution of the T×T symmetric linear system of equations,

T∑
t=1

wtG(‖~x(t) − ~c(t)‖2) = ζ(t)

A common way to increase the network’s generalization (144, 175, 176) is by
using a smaller number of appropriately selected hidden nodes than the training
patterns, i.e. by selecting K<T . In such a case, the selection of the RBF centers
is not as straightforward as in the aforementioned case and is of great impor-
tance because it strongly affects the prediction ability of the network. In (99),
a selection scheme for the RBF centers based on self-organizing maps (SOMs),
(59, 82) was proposed. This practically consists of a two level learning process,
namely the unsupervised and supervised ones. During the unsupervised learn-
ing, through their standard processes: competition, cooperation and adaptation,
SOMs classify the training patterns into K clusters. Each cluster gives a single
RBF center ~c(k), considered to be representative of the cluster as a whole. The
corresponding radius rk is computed using heuristics based on distances between
the centers, (20, 82, 99, 102). During the supervised learning, the synaptic weights
are computed by minimizing the approximation error of the RBF network over
the training set, while considering smoothness requirements.
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The so-called Importance Factors (IFs), as proposed by Giotis et al. (71),
can improve the prediction ability of the RBF network. Incorporating N extra
coefficients (In, n= 1, N), the importance of each design parameter on the net-
work response is quantified and exploited in order to increase the overall RBF
network prediction quality. High In values indicate high sensitivity of the objec-
tive function in the vicinity of the design point under consideration with respect
to the n-th input variable. The IFs are computed by the RBF network as a by-
product of the training process and are used to improve the quality of networks’
output. In detail, each time an improved solution is computed by the EA (index
b, which stands for the current best), a local RBF network is built and N partial
derivatives ∂o(b)/∂xn are computed using the closed-form response expressions;
by doing so, ∂o(b)/∂xn become the exact derivatives of an approximate function.
Based on these derivatives, a weighted norm is introduced and used instead of
the standard one (i.e. instead of eq. 2.16), as follows

∥∥~x(t) − ~c(k)
∥∥
wei

=

√√√√ N∑
n=1

In

(
x
(t)
n − c

(k)
n

)2
, where In =

∣∣∣∂o(b)∂xn

∣∣∣∑N
i=1

∣∣∣∂o(b)∂xi

∣∣∣ (2.17)

2.3.4.1 Inexact Pre–Evaluation Algorithm

The algorithm starts as a conventional (µ, λ)EA (by exclusively making use of
the exact evaluation model) for the few starting generations until a user–defined
minimum number of previously evaluated individuals enter the DB. Then, the
IPE phase starts and, in subsequent generations, instead of evaluating the off-
spring population on the costly problem-specific model, the following actions are
taken:

Inexact Evaluation: For each offspring, ~x∈ Pλ,g, the objective function

values ~̃F (~x), are approximated using a local metamodel trained on a small
number of data selected from the DB.

Screening: Based on the ~̃F (~x) values, a provisional Φ value (denoted by
Φ̃) is assigned to each offspring.

Exact Evaluation: For all ~x ∈ Pe, the “exact” objective function values
~F (~x) are computed and stored in the DB. Practically, this step determines
the CPU cost of each generation.

35



2. Evolutionary Algorithms (EAs)

2.3.5 Hierarchical Evolutionary Algorithms

As mentioned in section 2.1, an additional way to reduce the optimization turn-
around time is by using the so-called hierarchical EA (HEA). HEAs are based on
a hierarchical search structure, which consists of a number of semi–autonomously
“evolving” levels (multi-level structure). Within each level, different evalua-
tion tools, search techniques and/or problem parameterizations can be used,
(39, 72, 83, 93, 94, 95, 97, 101, 166). Each level solves a different variant of
the same problem. Furthermore, adjacent levels may exchange their best indi-
viduals according to one- or two-way inter-level communication schemes. The
following three hierarchical schemes/modes, schematically presented in fig. 2.12,
can also be combined in a single scheme.

LowFidelityS/W

HighFidelityS/W
Detailed

Parameterization

Parameterization

Rough

Evaluation Search Parameterization

Gradient−based

EA

Hierarchical Evaluation Hierarchical Search Hierarchical Parameterization

Figure 2.12: HEAs. Schematic representation of three hierarchical schemes.
Left: Hierarchical Evaluation. Middle: Hierarchical Search. Right: Hierarchi-
cal Parametrization. All this types can be combined or used separately, at will,
utilizing two or more levels.

The three hierarchical schemes are described below:

(a) Hierarchical Evaluation Scheme: The hierarchical evaluation scheme
allows the exploitation of a number of different evaluation tools/softwares with
different fidelity and cost (computational and/or economical). Each tool is as-
signed to a different EA or MAEA level. By convention, the lower level undertakes
the exploration of the design space by utilizing the low-cost and reduced fidelity
tool so as to locate near–optimal solutions at low CPU cost and, then, delivering
them to the higher level(s) for further refinement. On the higher level(s), being
exploitation-oriented and responsible for delivering optimal solution(s), evalua-
tion tools of higher fidelity and CPU cost are employed. Two–way inter–level
communication can be used. So, apart from the migration of promising individ-
uals upwards for them to undergo refinement, higher level individuals may also
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move downwards so as to stimulate a more exhaustive search in their neighbor-
hood, based on a low-cost evaluation tool. In the hierarchical evaluation scheme,
as many DBs as the number of evaluation tools should be maintained. In a
two–level algorithm, for instance, the high-fidelity DB, recording entries from
evaluations based on the high-level problem–specific tool, is linked to the high
level and the associated IPE phase. Next to it, a low-fidelity DB will does the
same on the low level. Without loss in generality, differently configured MAEAs
can be used on each level. An example of hierarchical evaluation used to handle
an industrial application, is presented in fig. 2.13, where the higher level is as-
sosiated with a Navier-Stokes equations’ solver and the lower level with an Euler
one.
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Figure 2.13: Left: Schematic representation of a two-level HMAEA (Hierarchical
MAEA). The high level is associated with the expensive and accurate model and
the lower level with the cheap and, thus, less-accurate one. Communication be-
tween the two level is possible in both directions including re-evaluation with the
evaluation tool associated with receiving level. Right: Example of a HMAEA used
in hydraulic turbine design (66).

(b) Hierarchical Search Scheme: In hierarchical search scheme, each level
utilizes a different search technique and thus becomes able to combine the advan-
tages of EAs with other search methods. In case the objective function gradient
can be computed, the combination of EAs with gradient–based methods (GBM)
is of great interest. Stochastic methods, such as EAs (DEAs, DMAEAs, etc.), are
typically used for the exploration of the design space, on the lower level, exploiting
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their ability to escape local optima. Then, promising solutions migrate from the
low level to its immediate higher one which uses a GBM to efficiently, with mini-
mum turn-around time, locate the nearest optimum. The migration of promising
solutions can be bi-directional, to accentuate the exploration capabilities of low-
level EAs. The opposite configuration (GBM on the low and EA on the high
level) is also possible. Hierarchical search requires particular attention if a GBM
is employed to solve MOO problems, by seeking the front of non–dominated solu-
tions. A common practice is to act on a fitness function formed by concatenating
weighted objectives, which is appropriate only for convex fronts. Alternatively,
as proposed in (93), the GBM can optimize the same scalar cost function (Φ)
used by the EA, computed for instance via the SPEA2 technique, after appro-
priately approximating its non-differentiable functions. Should a GBM undergo
the refinement on any level, methods for computing the gradient of the objective
function must be available. In aerodynamic optimization, the computation of
the gradient can be based on the adjoint method, (136), at extra cost which is
approximately equal to that of solving the flow equations.

(c) Hierarchical Parameterization Scheme: In hierarchical parameteriza-
tion different parameterizations are associated with each level. Typically a rough
parameterization with a reduced number of design variables is associated with
the lower level, where rough designs are quickly detected due to the small di-
mensionality of the problem. On the other hand, a detailed parameterization is
associated with the higher level. The hierarchical or multi-level parameterization
scheme should be configured in a way that makes all but the high level not af-
fected (or, at least, slightly affected) by the curse of dimensionality. During the
inter-level migration steps, a few promising solutions detected on the low level(s)
are sent to the higher level(s) for refinement. This hierarchical scheme is suit-
able for shape optimization problems in which the design vector comprises the
coordinates of control points of parametric curves and surfaces since, increasing
or decreasing the number of control points via knot insertion and removal algo-
rithms, allows exact (upwards) or approximate (downwards) transformations of
the design vectors.
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Knowledge-Based Design

It is common for all companies to keep archives of previous successful designs.
As a consequence, irrespective of the design method adopted, there are often
reasons for new designs to be based on “similar” previous ones, instead of starting
the design procedure from scratch. As a matter of example, if for instance a
new turbomachinery rotor is to be designed, a useful “similar” design might
be a rotor successfully designed in the past for “slightly” different operating
conditions and/or “slightly” different objectives or constraints. In some cases,
these designs might have been performed enough time ago, using “old-fashioned”
design procedures according to different paremeterizations. In general, the term
Knowledge-Based System (KBS) (6) is used to describe methods and processes for
designing new products, engines, services etc. based on stored/archived knowledge
which is available in the form of previous successful designs.

In this thesis, a new design method, to be referred to as Knowledge-Based De-
sign (KBD), which combines EAs with principles and concepts from Knowledge-
Based Systems (KBS) in order to create an automated design procedure, is pro-
posed. It employs a KBS similar to Case-Based Reasoning (CBR) (113, 114, 153,
167), in order to utilise/exploit the availability of an archive of successful designs.
In the design of aero- or hydrodynamic shapes, a pattern of similar geometries
often occurs when dealing with similar problems. For example, the optimal air-
foil, regarding objective(s) “A” and constraint(s) “B”, of a compressor cascade
operating at conditions “C” and inlet flow angle α1 (where “C” includes every-
thing but α1) will be, more or less, similar to the airfoil of a different compressor
designed for the same “A”, “B” and “C” and inlet flow angle equal to α1+1o.
Therefore, if a design is optimal for a set of different/neighbouring conditions, it
still holds valuable information about the design space that can be exploited in
order to speed-up the design process. This is the main purpose of the proposed
KBD method which shares the advantages of both EAs and KBS.

In more detail, from the CBR point of view, the proposed methodology
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achieves in creating a fully automated and time-efficient revise step, this is the
step that adapts the existing “similar” designs so as to make them perform op-
timally at the new operating conditions and/or according to the new objectives.
In this thesis, this is achieved by using an EA as a revise tool. In order to have a
cost-efficient procedure, capable for being routinely used in an industrial environ-
ment, additional EA speed-up techniques, mainly the use of metamodels (MAEA,
section 2.3.4), are employed. The straightforward way to achieve this goal would
be to simply inject the “similar” archived designs into the initial population of an
EA, by replacing some of the randomly generated population members. In con-
trast, the method proposed in this thesis utilizes statistical analysis to introduce
a new set of design variables, based on the archived designs, in order to further
speed-up the EA itself. This is achieved through:

a) The significant reduction in problem dimension (i.e. the number of design vari-
ables handled by the EA), thus improving both the EA (faster convergence
to the optimal solution) and MAEA efficiencies (use of ANNs as metamod-
els with greater prediction accuracy and without delaying the start of the
IPE phase, as described in section 2.3.4).

b) The automatic definition of the newly introduced design variables’ (to be
referred to as optimization variables, to distinguish them from the design
variables used to parameterize the geometry) range; the designer overcomes
the burden of arbitrarily guessing their lower and upper bounds and, there-
fore, eliminates the possibility of accidentally excluding search sub-areas
corresponding to the optimal design.

c) The association of degrees of importance to the optimization space regions.
Practically, higher probability to host candidate solutions is given to the
regions of the design space pinpointed by the statistical analysis of the
archived “similar” designs, based on a pre-defined probability distribution.
This allows the exploration of extended design spaces, with different levels
of importance associated with different sub-regions, according to statistics.

3.1 Knowledge-Based Systems (KBS)

KBS (6) are systems based on methods and techniques of artificial intelligence.
Their core components are the knowledge base and inference mechanisms. In this
thesis, a KBS named Case-Based Reasoning (CBR) (113) is combined with EAs,
in an optimal way, giving rise to the KBD method. For reasons of clarity, a brief
introduction to the CBR method follows, before presenting the proposed KBD
method.
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3.1.1 Case-Based Reasoning Method - Principles

CBR, (113, 114, 153, 167), can be seen as a problem solving method that reuses
past cases and experience to conceive a solution to the current problem, whereas
other major artificial intelligence techniques rely on mapping generalized relation-
ships between problem descriptions and conclusions. CBR has the advantage of
utilizing experience based on past successful problem solutions. The main tasks
of a CBR system is to identify the problem in hand, find one or more similar
past case(s), use this information to suggest a solution to the current problem
and update the system by learning from this experience.

The origins of CBR dates back to the work by Schank and Abelson in 1977,
(162). They proposed that general human knowledge about situations is recorded
as scripts that allow extracting expectations and inferences. Scripts were pro-
posed as structures for conceptual memory describing information about stereo-
typical events. However, experiments showed that this is not a complete theory
of memory representation since people often confuse events with similar scripts.
These conform with concept formulation, problem solving and experimental learn-
ing theories within philosophy and psychology, (168, 177).

Schank continued to investigate the role of previous situations (i.e. cases) and
situation patterns in both problem solving and learning, (161). Simultaneously,
Gentner, (61), developed a theoretical framework for analogy also relevant to
CBR. Significant references to CBR can also be found in Wittgensteins observa-
tion, (183), that natural concepts are in fact polymorphic and cannot be classified
by a single set of necessary and sufficient features; instead they can be defined
by a set of instances (i.e. cases) with family resemblances. The latter work has
been cited as the philosophical basis for CBR by Aamondt and Plaza, (5).

Though the roots of CBR could be claimed by several scientists, it was Schank
and his co-workers who, in the early 80’s, developed a cognitive model which
the first CBR applications were based upon. Kolonder developed the first CBR
system named CYRUS, (110, 111), which was an implementation of Schank’s
dynamic memory model. Later, its case-memory model served as the basis for
several other CBR systems and was used in various disciplines ranging from law,
(112, 154), to civil engineering, (130, 181).

The classical definition of CBR was coined by Riesbeck and Schank, (153):
“A case-based reasoner solves problems by using or adapting solutions to old prob-
lems”. This clearly defines what a CBR system can do, without however deter-
mining the way of doing it. This can be graphically understood by the so-called
CBR-cycle (fig. 3.1). The CBR-cycle is based on four logical steps, as defined by
Aamodt and Plaza, (5), which are often referred to as the four REs:

• RETRIEVE the most “similar” case(s),
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• REUSE the retrieved case(s) for the problem in hand,

• REVISE the case(s), if necessary, and

• RETAIN the new solution in the archive for future use.

The four REs can be represented by a schematic cycle, fig. 3.1.
In the proposed KBD method, the REVISE step is undertaken by an EA

which automatically combines the RETRIEVED cases without requiring human
intervention. Recall that the traditional CBR method requires a human expert
to undertake task.

Figure 3.1: Schematic representation of the CBR-cycle; from (5).

3.2 The KBD Method

In order to have a fully automated REVISE step, a set of adaptation rules must
replace human intervention. These rules take into account the deviations of the
proposed solution from the desired one and suggest an improved proposal. The
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rules governing the evolution of species ideally fit the above description. So, in
this thesis, an EA is proposed to undertake the REVISE step.

Therefore, the present method aims at extending the optimization method
by making it capable to accommodate and exploit pieces of useful information
archived during previous relevant successful designs. The KBD method is much
more elaborated than the simple and straightforward injection of retrieved de-
signs in the initial population of an EA, where they replace some of the randomly
generated ones. Instead, the KBD method introduces a new set of unknowns,
the so-called optimization variables, to be used by the EA, instead of the design
variables. In case of complex 3D geometries, such as those involved in the field
of thermal and hydraulic turbomachines, the number of design variables is much
greater and this slows the design-optimization process down. The optimization
variables are introduced by expressing the candidate solutions as points in the
optimization space, which is the space defined by the design vectors of the re-
trieved geometries as vector bases. The role of the optimization algorithm is to
find the value set (or sets, for more than one objectives, in problems where the
Pareto front of non-dominated solutions is sought) of the optimization variables
which yields optimal performance. Since the number of optimization variables is
much less than the number of design variables, the number of degrees of freedom
is reduced and the EA or MAEA CPU cost is expected to be much lower.

3.2.1 Optimization Variables’s Definition

In this section, the optimization variables introduced by the proposed KBD
method are presented. Assume that a small number (m) of previous designs are
retrieved from the archive. These designs must correspond to similar problems,
as already discussed. For the proposed method, it is necessary for the retrieved
geometries to be expressed in terms of the same parameterization. If techniques
able to transform a parameterization scheme to any other (within a degree of
accuracy, of course) are available, this task is straightforward. Let us denote by
GEOi = (xi

1, x
i
2, ...., x

i
N), i=1,m the m archived designs, with N design variables

each.

The set of optimization variables can be defined, without yet associating any
degree of importance to the optimization space subregions, by assuming that each
new design xnew

j results from the combination of the m archived designs, weighted
by the wi (i = 1,m), or

xnew
j =

∑m
i=1 wix

i
j∑m

i=1 wi

, j = 1, ..., N (3.1)
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Without loss in generality, one may assume that wi ∈ [0, 1].
Next step is the association of degrees of importance to the optimization space

regions. This is achieved by rewriting eq. 3.1 as

xnew
j = Φ−1

j (

∑m
i=1 wiΦj(x

i
j)∑m

i=1 wi

) (3.2)

through the introduction of the sigmoid cumulative distribution function Φ, (105),
according to a user-defined probability distribution function. If the normal dis-
tribution function is used, Φ is given by

Φµσ2(x) =
1

σ 2
√
2π

∫ x

−∞
exp(
−(u− µ)2

2σ2
) (3.3)

where µ is the mean value and σ the standard deviation of each design variable
(j). Schematically, x1

1
...
x1
N


 xi

1
...
xi
N


 xm

1
...
xm
N

→
 µ1

...
µN


 σ1

...
σN

 (3.4)

Since the m retrieved designs are usually located “around” the desired one
in the operating conditions space and based on the assumption that this infor-
mation is, more or less, transferable to the design space, the normal probability
distribution is used to assign degrees of importance throughout this thesis. In a
simplified example, the above statement says that: Assume that airfoil A with
design variables vector ~xA is optimal, regarding objective(s) “O”, when operating
at conditions “C”. Assume, also, that at these conditions the flow turning is equal
to ∆a=40o. Also, that design B, or ~xB, is optimal regarding the same objectives
at the same conditions and delivers flow turning equal to ∆a=41o. Considering
the same objectives “O” and the same conditions “C”, if the optimal airfoil which
delivers flow turning equal to ∆a=40.5o is sought, the optimal design N, or ~xN ,
would, most probably, be close to ~xA+~xB

2
which is the vector of the mean values

of the design variables of the retrieved geometries A and B. It is reminded that,
if the normal probability distribution is used for importance assignment, the re-
gions near the mean value of each design variables will be assigned the highest
importance and, therefore, highest probability to accommodate candidate solu-
tions. In case the user knows in advance that, for this particular problem, the
above statement is not true, he might exchange the normal distribution with the
appropriate probability distribution of his choice.
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The use of the cumulative distribution function of the normal probability
distribution, eq. 3.3, practically assumes the bounds of bi to be within µi ±
3σi, (105). To overcome this limitation, a single extrapolation variable Ψ which
multiplies all σ values computed based on the archived designs and extends the
search space outside µi ± 3σi, is optionally introduced. Ψ is multiplied with the
computed standard deviations to yield the ones used in eq. 3.3, as follows

 σ1
...
σn

 = Ψ

 σcomputed
1

...
σcomputed
n

 (3.5)

If the available archived designs are not that many, which often is the case,
then m is a significantly small integer. With either eq. 3.1 or 3.2, an optimization
problem with onlym weights as unknowns may loose its flexibility. Such a method
may overcome the curse of dimensionality (since the number of optimization
variables is noticeably lower than N) but may lead to sub-optimal solutions.
To overcome this, the grouping of those design variables which are “co-related”.
Relevant design variables such as, for instance, those defining the mean camber
surface angle at the leading edge etc. are grouped together. After forming these
groups, a different weight is associated with each one of them. The new weights
are denoted by wi,k, where the first index corresponds to the ith design basis and
the second one to the kth group of design variables (where bi belongs to). Finally,
instead of either eq. 3.1 or 3.2, the expression

xnew
j = Φ−1

j (

∑m
i=1 wi,kΦj(x

i
j)∑m

i=1 wi,k

), k = f(j) (3.6)

can be used.

Based on eq. 3.6, an optimization problem with mK unknowns (or mK+1,
to also account for Ψ), where K is the number of design variable groups, is
formulated. Population-based search methods, such as EAs (or MAEAs), with the
proposed parameterization, may locate the global optimum much more efficiently
than an EA (or MAEA) based on the conventional parameterization. This is
demonstrated on the solution of thermal (section 3.3) and hydraulic (section 5.3)
turbomachinery design-optimization problems.
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3.3 Design of a Compressor Cascade using KBD

The design of a 2D compressor cascade operating at M1 = 0.54, a1 = 44o and
Re=4× 105 (Reynolds number based on the chord) for minimum total pressure
losses is sought. Losses are measured in terms of the total pressure loss coefficient

ω =
pt1 − pt2
pt1 − p1

(3.7)

where indices 1 and 2 denote the cascade inlet and outlet, respectively. The
blade airfoil is designed subject to a number of aerodynamic and geometrical
constraints: the optimal airfoil must turn the flow by more than 30o and its
thickness at three chordwise positions (0.3c, 0.6c and 0.9c) must be greater than
0.10c, 0.08c and 0.01c, respectively.

The airfoil shape is parameterized based on the mean-camber line shape and
thickness distributions (separately for the pressure and suction sides). All of
them are parameterized using NURBS. The mean-camber line parameterization
“introduces” three degrees of freedom, namely the leading edge (LE) angle, the
trailing edge (TE) angle and the weight associated with the second control point.
The suction side thickness distribution is controlled by 9 design variables, namely
the x and y coordinates as well as the weights of three, out of the five, internal
NURBS control points. The first and last control points are fixed at the predefined
LE and TE positions. The pressure side thickness distribution is controlled via
15 design variables, standing for the x and y coordinates as well as the weights
of five, out of the eight, internal control points. The first and last control points
are fixed at the predefined LE and TE positions and the location of the second
point is determined by the requirement of first-order continuity at the LE. The
total number of design variables describing each candidate solution is 27, fig. 3.2.

The KBD method will be assessed through the comparison of a traditional
MAEA with a KBD-MAEA. For both of them, µ = 20, λ = 60 and λe = 6. Both
cases use local RBF networks as metamodels, which are trained on a small number
of training patterns (min. 10; max. 20 patterns). For the KBD-MAEA, the IPE
phase starts after the first 100 individuals are stored in the DB of previously
evaluated individuals. On the other hand, for the MAEA run, 400 individuals
must be stored in the DB before the IPE phase starts. The earlier start of the
IPE phase during the KBD-MAEA, as opposed to the MAEA, is due to the
reduced number and range of the optimization variables. The KBD-MAEA uses
13 instead of 27 design variables which would be the case if the standard shape
parameterization was used. The evaluation software is an integral boundary layer
method, (42). The maximum number of calls to the evaluation software is 1500
in all cases, so as to compare them based on the same CPU cost; this is the only
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Figure 3.2: Design of a compressor cascade using KBD: Top: parameterization
of the mean-camber line with 3 control points. Bottom: parameterization of the
thickness distributions with NURBS using 5 control points for the suction side and
8 for the pressure side. The total number of design variables is 27.

termination criterion used.
Four archived designs were retrieved and used as design space basis vectors

in order to define the optimization variables used by the KBD method. The
archived designs have been designed for operation at different but neighbouring
conditions, namely:

• Archived design B1: designed for M1 = 0.55 and a1 = 45o, fig. 3.3.

• Archived design B2: designed for M1 = 0.50 and a1 = 40o, fig. 3.4.

• Archived design B3: designed for M1 = 0.52 and a1 = 42.5o, fig. 3.5.

• Archived design B4: designed for M1 = 0.58 and a1 = 48o, fig. 3.6.

At their design conditions (see above) the archived geometries perform as follows:

• Archived design B1: ω = 0.01976 and ∆a = 37.1o.

• Archived design B2: ω = 0.01845 and ∆a = 24.4o.

• Archived design B3: ω = 0.02027 and ∆a = 36.3o.

• Archived design B4: ω = 0.01877 and ∆a = 36.6o.

The four retrieved airfoils, operating at the new flow conditions (M1 = 0.54,
a1 = 44o), without any modification in their shape, perform as follows:

• Archived design B1: ω = 0.0207 and ∆a = 36.3o.
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• Archived design B2: ω = 0.0278 and ∆a = 27.8o.

• Archived design B3: ω = 0.0201 and ∆a = 37.5o.

• Archived design B4: ω = 0.0237 and ∆a = 33.1o.

From the aforementioned ω and ∆a values, the necessity for a REVISE step
becomes obvious since all four retrieved airfoils suffer from relatively high losses
and some of them fail to respect the flow turning constraint at the new flow
conditions. These four designs were injected in the starting population of the
MAEA, either with or without KBD.
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Figure 3.3: Design of a compressor cascade using KBD: Archived design B1.
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Figure 3.4: Design of a compressor cascade using KBD: Archived design B2.

Four different optimization runs were performed in order to assess the effect
of the KBD method both on EAs and the implementation of metamodels in
MAEAs. The corresponding convergence plots are shown in fig. 3.9. The use of
metamodels in runs which do not rely upon the KBD method are not as efficient
as expected. This is a caused by the use of an extended design space which
is really necessary for being able to reproduce all four archived geometries. To
demonstrate this, the four archived geometries are plotted together in figs. 3.7 and
3.8. The large variance of the control points is more severe in the parameterization
of the mean camber line (fig. 3.7) regarding both coordinates and, also, in the
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Figure 3.5: Design of a compressor cascade using KBD: Archived design B3.
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Figure 3.6: Design of a compressor cascade using KBD: Archived design B4.
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Figure 3.7: Design of a compressor cascade using KBD: Mean-camber lines of
the four bases. The observed great variance recommends the use of very extended
design variable ranges during the EA-based optimization. This significantly dete-
riorates EA efficiency and makes the use of metamodels questionable.

thickness distribution along the suction side (fig. 3.8). Using a more restricted
design space would improve both the EA efficiency and the gain expected from
the use of metamodels (MAEA) but could give suboptimal solutions if, by chance,
the optimal geometry lays outside the design space. The comparison between EA
and KBD-EA reveals the advantages of the proposed method (fig. 3.9), since
faster convergence is achieved. The comparison of KBD-MAEA with KBD-EA
shows that the KBD method enhances the performance of the metamodel-based
pre-evaluation phase.
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Figure 3.8: Design of a compressor cascade using KBD: Suction and pressure side
thickness distributions and control point polygons for the four bases.

0.0185

0.019

0.0195

0.02

0.0205

0 250 500 750 1000 1250 1500

L
o
s
s
 C

o
e

ff
ic

ie
n
t

Exact Evaluations

KBD-MAEA

KBD-EA

MAEA

EA

Figure 3.9: Design of a compressor cascade using KBD: Convergence comparison
of four optimization runs using EA, KBD-EA, MAEA and KBD-MAEA. EA and
MAEA have similar convergence plots, since the use of metamodels doesn’t lead
to extra gain, due to the extended range of the design variables. KBD-EA is
significantly faster than both EA and MAEA, thus proving the advantages of the
proposed method. KBD-MAEA performs even better thanks to the positive effect
of the proposed method on the use of metamodels.

The optimal blade resulting from the KBD-MAEA is presented in fig. 3.10.
This design delivers ω = 0.01834 and ∆a= 30.2o at the desired flow conditions,
outperforms any of the design-bases for the same flow-conditions and respects
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all the constraints. The airfoil designed using the KBD-MAEA is of significantly
better quality compared with those delivered by the conventional runs, with or
without the use of metamodels.
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Figure 3.10: Design of a compressor cascade using KBD: The optimal airfoil
resulting from KBD-MAEA. Top: mean-camber line and thickness distributions
together with their control polygons. Bottom: The airfoil shape after superimpos-
ing the thickness distribution on the mean-camber line and rotated at the desired
stagger angle.
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4

EAs and MAEAs Driven by
Principal Component Analysis

This chapter investigates the reasons for the drop in EAs or MAEAs efficiency
used to solve ill-posed optimization problems (67, 156, 158), especially when these
possess a great number N of design variables, and proposes techniques to over-
come this unpleasant situation. Any degradation in the EAs or MAEAs efficiency
reflects upon the number of evaluations (on the CFD software, for instance) re-
quired to reach the optimal solution(s). Increasing the number of evaluations
leads to longer optimization turn-around times and the routine application of
EA-based optimization in large-scale industrial applications is, thus, hindered.
The proposed methods adapt the application of the evolution operators accord-
ingly and/or lead to the training of more dependable metamodels on patterns of
properly reduced dimension (in case of MAEAs).

Modern industrial-scale optimization problems typically have several objec-
tives and/or constraints with complex parameterization and a great number of
design variables. The former is determined by the application under considera-
tion whereas the latter is, often, “inherited” from the way experienced designers
used to accomplish the same task in the past, without resorting to “sophisticated”
optimization methods. From the practical point of view, a smooth transition to
the EA-based optimization is necessary. Problems with several objectives and/or
constraints which handle many design variables can easily become ill-posed, as
discussed in section 4.1. The use of stochastic population-based search methods
to solve ill-posed problems leads to excessively long computations, even on mod-
ern multi-processor platforms. Since the objectives and constraints are strictly
defined by the application, the only way to increase the efficiency of EAs used
to solve ill-posed optimization problems is via the appropriate handling of the
parameterization.

Changing the parameterization, though, may have a number of negative ef-
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4. EAs and MAEAs Driven by Principal Component Analysis

fects. First among them is that, in any industrial environment, a valuable amount
of experience is embodied into the existing parameterization, in the sense that an
experienced designer practically knows qualitatively what to change in order to
achieve his/her goal; this would be lost by changing or modifying the parameteri-
zation scheme. Also, there is no guarantee that the new/altered parameterization,
which must be built in accordance with the objectives so as to give a better-posed
optimization problem, includes variables with clear interpretation (being, for in-
stance, the coordinates of Bézier control points, etc.). In fact, this is highly
unlikeable. Any new parameterization, with unclear interpretation of the design
variables, makes the accumulation of new experience impossible. Furthermore,
in a specific project, the best parameterization depends on its correlation with
the objectives and constraints. Therefore, a different parameterization would be
necessary for any new design-optimization procedure, based on its objectives. To
make things even worse, the best parameterization cannot be known in advance,
since one should have the Pareto front available (in MOO problems) so as to ex-
tract the most appropriate parameterization (see below, in this chapter). All the
above can be overcome by implementing the techniques proposed in this chapter.

As stated in (158), standard GAs can find the global optimum in a number
of widely used test functions due, not only to the efficiency of the recombina-
tion operator and the regular distribution of local minima, but also to the fact
that the test functions are decomposable. Though (158) was based on GAs, its
outcomes can be generalized to EAs. In (156, 157), it was stated that “real-life”
engineering design optimisation problems, as opposed to the widely used math-
ematical test cases, also involve “interactions among design variables”. There,
the notions of “inseparable function interaction” and “variable dependency” were
introduced. The existence of “variable dependency” poses a number of challenges
in MOO algorithms which are similar to what is referred to as ill-posed optimiza-
tion problems. Also, as stated in (157), depending upon the nature of “variable
dependency”, additional features such as bias (non-linearity), multi-modality, de-
ception and discontinuity may also occur and these will cause additional loss in
the optimization algorithm efficiency.

4.1 Ill-Posed Optimization Problems

The two main reasons for increasing the number of calls to the evaluation software
required by an EA or MAEA, in order to locate the optimal solution(s), are: (a)
the high number of design variables, N >> and (b) the fact that an ill-posed
optimization problem is solved. Needless to say that a high-dimensional ill-posed
optimization problem is the worst case for an EA or MAEA. Unfortunately, in
practice, most engineering optimization problems share both features mentioned
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above .

In EAs, the high number of design variables (N) results in efficiency loss. In
the best case (well-posed problem), the cost for computing the optimal design(s)
increases linearly with N. In MAEAs, the presence of N >> design variables,
apart from the way the optimal solution is approached (direct effect), impacts
also the use of metamodels for which the training time and, mainly, their predic-
tion error increase noticeably. The loss in efficiency due to the “less-accurate”
metamodel predictions (indirect effect) is, practically, superimposed to the per-
formance degradation caused by the direct effect. As a remedy to optimization
problems with N>>, the KBD method was proposed in Chapter 3. From a com-
pletely different point of view, the KBD method reduces the problem dimension
by exploiting the knowledge embodied into a small number of available archived
designs and has already been presented and validated.

On the other hand, ill-posed optimization problems are those dealing with
(a) anisotropic and (b) non-separable objective function/s f(~x). Note that (a)
is a prerequisite for (b). In fact, ill-posed optimization problems are those deal-
ing with non-separable objective functions. The definitions of anisotropic and
non-separable functions follow in sections 4.1.1 and 4.1.2, respectively. Ill-posed
problems, in combination with N >>, give rise to the so-called “curse of di-
mensionality”. This stands for the situation in which the cost for solving an
optimization problem increases superlinearly, instead of just linearly, with N.

4.1.1 Anisotropic Objective Function

An objective function f(~x), ~x = (x1, ..., xN) is anisotropic with respect to ~x if
it is differently affected by the same changes in the different components of ~x.
Though this thesis is dealing with non-gradient-based optimization methods, the
anisotropy of f can be quantified by the variation of ∂f

∂xi
among the design variables

i, close to the optimal solution.

Let as assume that the convex-quadratic objective function

f(~x) =
1

2
~xTH~x (4.1)

where H is a symmetric positive definite N×N matrix. The variations in ∂f
∂xi

are
expressed by the condition number a of matrix H. In such a case, a is defined as
the ratio of H’s largest to smallest eigenvalue. These two eigenvalues correspond
to the squared relative lengths of the principal axes of the ellipsoid ~xTH~x = 1.
For points located along the principal axes, the gradient aligns with the axis
itself and the ellipsoid-axis length determines the magnitude displacement in
the design space required for obtaining a certain change in f. Therefore, f is
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said to be isotropic if the condition number of H is a = 1 (corresponding to a
sphere or hyper-sphere-like isolines, see fig. 4.1, left) and anisotropic if a >> 1
(corresponding to an ellipse-like isolines, see fig. 4.1, right).

Figure 4.1: Iso-value contours of an isotropic objective function with two design
variables (left); the impact of x1 and x2 on f is the same. Iso-value contours of an
anisotropic objective function, in which x2 has greater impact on f than x1 (right).

In practice, EAs are capable to efficiently deal with anisotropic objective func-
tions without damaging their efficiency. If, however, the objective function is
anisotropic and non-separable (see definition in section 4.1.2), the EA or MAEA
is expected to perform less efficiently, unless a particular treatment is employed;
such a treatment is proposed in this chapter.

Furthermore, the anisotropy of f leads to the notion of more and less important
design variables (or, in the case of non-separable f, more and less important
directions in the design space). This piece of information can be used to reduce
N, via the truncation of less important variables during the metamodel training
phase, so as to increase its prediction ability.

4.1.2 Non-Separable Objective Function

The separability of an objective function f : ~x 7→ f(~x) is defined separately for
each and every variable xi ∈ ~x. An objective function is said to be separable with
respect to xi if the optimal value of xi does not depend on the value any other
design variable takes on. f is said to be separable if and only if it is separable
with respect to all components of ~x.
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Figure 4.2: Separable (left) and non-separable (right) objective functions.

As mentioned above, an ill-posed optimization problem suffers from the curse
of dimensionality, the computational cost to solve it scales superlinearly with the
number of design variables N. To better understand this, let us first examine a
separable objective function. The cost for solving an optimization problem with
a separable objective function increases linearly with N, since the global optimum
can be located by minimizing N objective functions with a single design variable
each (separately minimise fi(xi), ∀xi ∈ ~x). Thus, the cost of solving a separable
N -dimensional optimization problem is approximately N times the cost of solving
the equivalent 1D problem. On the other hand, this is not possible for an ill-posed
optimization problem since, for at least one design variable, its optimal value
depends on the values some or all of the other take on. Since the search space
increases exponentially with N, this leads to a superlinear (with N) increase in
the cost of solving ill-posed problems.

4.1.3 Investigation of EAs Efficiency Degradation in Ill-
Posed Problems

In order to investigate the effects of ill-posed optimization problems on EA’s
efficiency, two mathematical test cases with different N values are solved, both
in their separable (well-posed) and non-separable (ill-posed) form. The results
presented in this section correspond to the mean performance of 10 runs, with
different random number generator seeds.

The first analytical test case to be examined is a multi-dimensional ellipsoid
(a 2D version of it can be seen in fig. 4.2) described, in its separable form, by
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f(~x) =
N∑
i=1

a
i−1
N−1x2

i (4.2)

where the value of a determines the anisotropy of the objective function. Large
values of a lead to increasingly anisotropic functions.

The same problem can be examined after casting it in non-separable form, as
follows

f(~y) =
N∑
i=1

a
i−1
N−1y2i (4.3)

where ~y = B~x and B is an appropriate N ×N orthogonal rotation matrix.
In order to investigate both the effects of the design space dimension (N) and

the condition number (a), four different optimization problems were solved. A
10D (N =10) optimization problem was solved for a=10 and a=100, fig. 4.3,
and a N=30 problem for a=100 and a=1000, fig. 4.4.
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Figure 4.3: 10D ellipsoid. Condition number a = 10 (left). Condition number
a= 100 (right). Increasing a from 10 to 100 increases the EAs performance gap
between the separable and non-separable problems.

In figs. 4.3 and 4.4, one may identify both the effects of increasing the con-
dition number and increasing the problem dimension. A condition number with
higher value leads to greater performance gap between the separable and non-
separable cases, for both N = 10 and N = 30 cases. Increasing the problem
dimension has the same effect. Focusing on the a=100 case, for both N=10 and
N =30, one may observe that the difference in objective function values |∆(f)|,
for the same computational cost of 9000 evaluations, differ. For the N=10 case,

58



4.1 Ill-Posed Optimization Problems

0.1

1

10

0 1000 2000 3000 4000 5000 6000 7000 8000 9000

f

Evaluations

a=100,N=30

Separable EA
Non-separable EA

0.1

1

10

0 1000 2000 3000 4000 5000 6000 7000 8000 9000

f

Evaluations

a=1000,Ν=30

Separable EA
Non-separable EA

Figure 4.4: 30D ellipsoid. Condition number a= 100 (left). Condition number
a=1000 (right). As in the 10D case, increasing a from 100 to 1000 causes additional
losses in performance and increases the performance gap between separable and
non-separable optimization problems.

|∆(f)|= |f(non− separable)−f(separable)| ≈ 10−4. On the other hand, for the
N = 30 case |∆(f)| ≈ 0.9. This difference in |∆(f)|, between the 10D and 30D
case, denotes a significant increase in the efficiency gap between separable and
non-separable cases when the dimension is increased.

The second analytical test case is concerned with the minimization of a multi-
modal objective function described by

f(~x) = 10N + (
N∑
i=1

xi)
2 − 10N cos(π

N∑
i=1

xi) (4.4)

A 2D example is shown in fig. 4.5. As it appears in eq. 4.4, the problem is non-
separable. It can, though, easily be transformed to a separable one if ~x changes to
~y = B~x, where B is an appropriate rotation matrix. A 45o rotation is employed
in each direction. This objective function is extremely anisotropic since only one
direction in the design space contributes to the objective function value and all
the rest become irrelevant. Therefore, the condition number a equals practically
to ∞. This is an important class of objective functions since it resembles MOO
problems as shown in section 4.2.

In order to investigate the effects of non-separability, as a function of the
problems dimension, two optimization problems (5D and 30D) were solved.

In fig. 4.6, it is demonstrated that both problems, if reformulated using sep-
arable objective functions, outperform the non-separable ones. One may also
observe that, the increase in problem’s dimension causes an increase in efficiency
gain, between separable and non-separable function cases. This conclusion is
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Figure 4.5: Minimization of eq. 4.4, for N=2. The optimal value of x1 depends
on the choice of x2 and vice-versa. So, this objective function is non-separable in
terms of x1 and x2. Nevertheless, by aligning one of the two design variables with
the x1=x2 axis, the problem becomes separable.

similar to the one made for the ellispoid test case.
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Figure 4.6: Solution of the 5D problem of eq.4.4 (left). Solution of the 30D prob-
lem of eq. 4.4 (right). The loss in efficiency for problems with extremely anisotropic
objective functions increases significantly with the design space dimension.
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Through the preformed investigations (figs. 4.3, 4.4 and 4.6), it is convincingly
shown that a significant amount of the EA efficiency can be lost when dealing
with ill-posed optimization problems, especially when these are combined with
high values of N. The degree of efficiency deterioration is proportional to three
quantities:

a) The anisotropy magnitude: Increasing anisotropy leads to less efficient EAs
(figs. 4.3 and 4.4).

b) Function separability: Problems with separable objective functions with re-
spect to their design variables can be solved significantly faster using EAs,
as shown in figs. 4.3, 4.4 and 4.6.

c) The number of design variablesN : It is obvious that, by increasing the number
of design variables, any EA requires more computational resources to locate
the optimal solution. Additionally, if combined with (b), the great value of
N leads to superlinear increase in cost (fig. 4.6).

4.2 Ill-Posed MOO Problems

In ill-posed MOO problems, all comments made and conclusions reached must
now be applied to the scalar cost function Φ (rather than the objective function f),
since Φ is the quantity which “drives” the evolution operators. In MOO, ill-posed
optimization problem are typically associated with functions Φ which are non-
separable and extremely anisotropic. This results from the fact that a Pareto
front of optimal non-dominated solutions is sought. Since the Φ values given
to the population members depend upon the Pareto dominance, all members
of the current front of non-dominated solutions have Φ=0 (or very small values
compared to the dominated members of the population if niching effects are taken
into account). These leads to directions in the design space that have very small
impact on Φ, i.e. directions along the Pareto front (Φ≈ 0) and directions with
high impact on it, i.e those perpendicular to the Pareto front, therefore, almost
always, resulting in an extremely anisotropic problem.

4.3 Principal Component Analysis

The aim is to find the appropriate transformation of the original set of variables
~x → ~x∗, capable to transform the ill-posed optimization problem in hand into
a better-posed one. After this transformation, the objective function in SOO or
the scalar cost function Φ in MOO is expected to have enhanced separability
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properties with respect to the transformed design variables ~x∗. This procedure is
equivalent to finding an orthogonal matrix U (UUT = I) and based on it, express
~x∗ as ~x∗ = U~x. In this thesis, it is proposed that the topological characteristics of
the Pareto front determine the appropriate transformation matrix U . To extract
these in a way which best represents the data variance, the Principal Component
Analysis (PCA) method is used, (82, 91). The transformation matrix U contains
the Principal Directions (PDs) computed by the PCA applied to the members of
the Pareto front.

However, the Pareto front is the final goal of the optimization process and
therefore, it is unknown during the optimization. Instead, in the proposed
method, in each EA generation, the front of non-dominated solutions (elite set)
is the one undergoing PCA. This is a reasonable choice since, as the evolution
proceeds, the current elite-set tends to the Pareto front. Thus, the PDs computed
by processing the elite-set in each generation become progressively more reliable
approximations of the PDs computed by analysing the Pareto front.

Applying PCA to the current elite-set calls for the transformation of its mem-
bers into a standardized data-set X, with µ = 0 and σ = 1 in all directions. Next
step is the computation of the empirical covariance matrix P , (50, 91),

P =
1

e
XXT (4.5)

where e is the size of the elite-set and X the matrix formed using the members of
the elite-set as columns. Then, via the spectral decomposition theorem, (18, 50),
P can be written as

P = UΛUT (4.6)

where Λ=diag(λ1, ..., λN) is a diagonal matrix with the eigenvalues of P and U
is a N×N matrix containing the eigenvectors (PDs) as columns.

4.4 The Welded Beam Case

To better demonstrate the ill-posed nature of MOO problems, a modified version
of the welded beam case (28) is used, (fig. 4.7). The minimization of both the
cost (K) and the deflection (∆) of a welded beam subject to force P (fig. 4.7)
is desired. There are two design variables: the welding length (x1 or l) and the
side length of the square cross section (x2 or t). The design is subject to three
constraints regarding shear stress (τ), bending stress (σ) and buckling load (Pc).

The problem requires the minimization of both the cost

K = 1.10471h2l + 0.04811t2(14.0 + l)
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Figure 4.7: The Welded Beam Case: In the examined case, the welding length
(x1= l) and the square cross section side-length (x2= t) are the two design variables.

and the deflection

∆ =
4PL3

Et4
=

4PL3

EX4
2

(4.7)

The first constraint is related to the shear stress applied to the welding in
order to ensure its structural integrity. The maximum shear stress depends on
the type and quality of the welding. This constraint is expressed as

τ =

√
τ 21 +

τ1τ2l

R
+ τ 22 ≤ 13600psi (4.8)

where

τ1 =
P√
2hl

, τ2 =
MR

J
, M = P (L+

l

2
)

R =

√
l2

4
+ (

h+ t

2
)2

J = 2

(
√
2hl

(
l2

12
+

(
h+ t

2

)2
))
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The second constraint is on the bending stress applied to the beam, in order
to ensure its structural integrity. The maximum bending stress depends on the
beam material,

σ =
6PL

t3
≤ 30000psi (4.9)

Finally, in order to avoid buckling, the buckling load is also constrained as
follows,

Pc =
4.013E

√
t8

36

L2

(
1− t

2L

√
E

4G

)
≥ P (4.10)

where the welding height is h=0.6in, the beam length is L=14in, the force is
P = 6000lb, the Young’s modulus is E = 30×106psi and the shear modulus is
G=12×106psi.

Apart from the constraints which are related to structural integrity, two ad-
ditional constraints, related to both objectives, were imposed. These are

K ≤ 50 (4.11)

∆ ≤ 0.25 (4.12)

From the Φ plot shown in fig. 4.8 (left), it is evident that the problem in hand
is both extremely anisotropic and non-separable (ill-posed). Using the proposed
PCA of the elite-set (fig. 4.8, right) the computed PDs point to the directions in
the design space which if used to define new design variables, would transform
the ill-posed problem into a better-posed one. The direction with the largest
eigenvalue λ1 is the direction that describes the Pareto front is aligned with the
Φ = 0 curve. On the other hand, the PD with the smallest eigenvalue λ2 is the
direction in the design space which corresponds to the largest change in Φ values.
Smaller eigenvalue means smaller variance in the corresponding direction, in the
elite-set.

4.5 PCA-Driven Evolution Operators

In EA-based optimization, the application of the evolution operators may benefit
a lot from the outcome of PCA, in order to reduce the computational cost required
for the same quality of solutions. To be more specific, PCA is used to identify
directions in the design space which, if used to define new optimization variables,
would lead to an optimization problem with (almost) separable objective function.
The design space is, then, temporarily aligned with the principal directions and
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Figure 4.8: The Welded Beam Case: Left; Φ iso-areas over the design space, at a
specific generation during the evolution. Right; The elite-set, plotted in the design
space. Based on it, two PDs denoted by λ1 and λ2 are computed.
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Figure 4.9: The Welded Beam Case: The elite-set shown in fig.4.8 is plotted in
the objective space, where f1 = cost and f2 = deflection.

the evolution operators apply to individuals expressed in the so-rotated axes. At
the end of this phase, the generated offspring are transformed back to the original
axes of the design space. The rotation of the design space axes occurs just before
and after the application of the evolution operators thus deeming it transparent to
the designer. To perform the PCA, a small number of well-performing solutions
to the problem must be available. Herein, these are the members of the current
elite-set, as stated before; this set is dynamically updated during the evolution.
In MOO applications, the elite-set comprises the members of the current front
of non–dominated solutions. In SOO problems, where the notion of dominality
degenerates, the PDs can be found by processing a user–defined number of the
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current top individuals.
Let the aligned with the PDs design vectors ~xi be represented by ~x∗

i . The
alignment is performed as follows

~x∗
i = U(~xi − ~µX) (4.13)

where ~µX is the vector of mean (over the elite set) design variables. The inverse
transformation, from ~x∗

i to ~xi, is given by

~xi = U−1~x∗
i + ~µX (4.14)

It should be stated that the CPU cost to compute U−1 is negligible since U is an
orthogonal matrix and, thus, U−1 = UT .

The two main PCA-driven evolution operators, recombination and mutation,
are presented below.

4.5.1 PCA-Driven Recombination

The recombination operator is applied to the rotated design variable-set which
are sought to be as separable as possible. As shown in fig. 4.10, this changes the
probability of the offspring appearance in the design space as if the problem was
separable (fig. 4.8).
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Figure 4.10: The Welded Beam Case: The Offspring appearance probability
using the SBX(n=0) recombination scheme (section 2.3.1.1). Assume that there
are two parents shown by the two black dots. Left; SBX recombination. Right;
PCA driven SBX recombination.

From figs. 4.8 and 4.10, it can be seen that the proposed method assigns
higher offspring appearance probability to the regions near Φ = 0 which is the
region that accommodates the currently best (elite) individuals. Therefore, the
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PCA-driven recombination better achieves its goal of mixing, according to the
building block hypothesis (76). Mixing is the process in which building blocks
(low-order schemata of high fitness) are combined to form new potentially fit
schemata of higher order. The proposed method increases the probability indi-
viduals generated through the application of the recombination operator to be
fit.

4.5.2 PCA-Driven Mutation

Mutation is also applied to the design space aligned with the computed PDs. The
mutation probability on each PD is dynamically updated based on the variance
(~V ) of the elite population members, projected onto the aforementioned direction
(V (i)), eq. 4.15. This is done in a way that keeps the overall mutation proba-
bility per individual constant (and equal to a user-defined value). The proposed
method distributes the mutation probability among the PDs in a way which is
proportional to the importance of each direction, according to the characteris-
tics of the current front of non-dominated solutions. As shown in the welded
beam case, the importance of each PD, regarding either f (SOO) or Φ (MOO),
is inversely proportional to its eigenvalue which quantifies the variance. PDs
with high-valued eigenvalues receive smaller mutation probability, in contrast to
the directions with low-valued eigenvalues which undergo mutation with higher
probability. The formula used to adjust the mutation probability (per each newly
computed direction (index i)) is

pim = 0.1pm +
0.9pmN

DV

· Vmax − Vi

Vmax − Vmin

(4.15)

where pm is a user–defined mutation probability, Vmax = max{V1, ..., VN}, Vmin =
min{V1, ..., VN} and

DV =
N∑
i=1

Vmax − Vi

Vmax − Vmin

(4.16)

Let us denote by g the generation counter, by kDB the number of currently
existing entries into the DB and by kmin the minimum number of entries needed
to initiate the use of the metamodel–based pre–evaluation phase. Then, the
successive steps of the PCA–driven MAEA or MAEA(PCA) can be described as
follows:

Step 1: For the current offspring population Sg
λ, set λ∗ = λ (if kDB < kmin) or

λ∗ = λe (else), where λe the number of offspring to be evaluated on the
problem–specific evaluation software.
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Step 2: If kDB≥kmin, λ RBF networks are trained on paired input–output pat-
terns selected from the DB, in the vicinity of each offspring. Pre–evaluate
the λ population members on the so–trained metamodels. Select the λex

top of them, based on dominance and proximity criteria.

Step 3: Evaluate the λe offspring on the problem–specific evaluation software.
Update Sg

e .

Step 4: Compute the current set of PDs based on the updated elite-set Sg
e (eqs.

4.5 and 4.6).

Step 5: Align the design space with the so–computed PDs (eq. 4.13).

Step 6: Create the new offspring population Sg+1
λ through the application of

the evolution operators to the aligned individuals. Re–align the generated
offspring with the original design space coordinate system (eq. 4.14).

Step 7: Set g←g+1; go to Step 1.

The above algorithm can readily be transformed to EA(PCA) by eliminating the
use of metamodels or by setting kmin to an “infinite” number.

4.5.3 Gain from the Use of EA(PCA)

In order to demonstrate the performance gain from the use of the EA(PCA),
the welded beam case and the two mathematical minimization problems already
presented in section 4.1.3 are revisited. For each one of them, 10 runs were
performed with different random number generator seeding.

Regarding the two-objective welded beam problem, the average hypervolume
indicator plotted in terms of the number of evaluations performed is presented
in fig. 4.11. In this figure, it is shown that, even though the dimension of the
problem was deliberately kept low (N = 2) to facilitate the visual analysis of
the obtained results, the gain from the use of the proposed method over the
conventional EA is clear.

The comparison between conventional evolution operators and the PCA-driven
ones, on the 30D non-separable ellipsoid with a=1000 (eq. 4.3), is presented in
fig. 4.12. This figure presents the mean objective function values of 10 runs.

In fig. 4.12, the significant gain from the use of the proposed EA(PCA) in
comparison with an EA in the 30D ellipsoid case is shown.

Regarding the multi-dimensional and multi-modal problem of eq. 4.4 with
N=30, a comparison between PCA-driven and conventional evolution operators
is presented in fig. 4.13. In this figure, it is shown that the use of PCA-driven
evolution operators significantly enhances the EA efficiency in the 30D multi-
modal problem, too.
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Figure 4.11: The Welded Beam Case: Average evolution of the hypervolume
indicator using EA and EA(PCA). In this case, metamodels are not used due to the
extremely small computational cost of each evaluation run. EA(PCA) outperforms
traditional EA even though the dimensionality of the problem is very low.
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Figure 4.12: 30D non-separable ellipsoid with a=1000: Average convergence us-
ing EA and EA(PCA). The proposed PCA-driven evolution operators significantly
outperform the conventional ones.

4.6 EAs Assisted by PCA-Driven Metamodels

In MAEAs, the main challenge regarding the use of artificial neural networks as
metamodels is to overcome the so–called curse of dimensionality in problems with
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Figure 4.13: 30D multi-modal problem: Average convergence using the EA and
the EA(PCA). Similar to fig. 4.12, the proposed PCA-driven evolution operators
significantly outperform the traditional ones.

a large number of design variables. The number of training patterns required to
build a reliable metamodel increases with N; a side–effect is that their training
becomes computationally costly. On the other hand, the need for more training
patterns per metamodel delays the commencement of the IPE phase during the
MAEA, until the DB collects a substantial number of entries. This leads to a
further increase in the wall clock time of the optimization run.

This thesis proposes the reduction in the number of the RBF network sensory
(input) nodes and, consequently, the required number of training patterns. The
eigenvectors computed through the PCA of the elite-set are associated with the
objective function variance. If the elite-set is expressed in a coordinate system
aligned with the PDs, it is expected that any plot of the objective function (SOO)
or Φ (MOO) in terms of the first components (i.e. those with the highest variance)
must be scattered enough. In contrast, along the PDs with small variances, the
elite members are much less scattered.

The proposed method takes advantage of the above and cuts off a pre-selected
number of the RBF network sensory units, particularly those related to the high-
est variance directions in the design space. As a result, the RBF networks are
trained on lower dimension data. This truncation is applied only during the RBF
network training, by firstly rotating/aligning all the selected training patterns
with the computed PDs and, then, cutting those sensory nodes which correspond
to the highest eigenvalues off. The number of the components to be cut off is
user-defined.

Fig. 4.14 presents an instant of the evolution process, at the end of the 6th
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Figure 4.14: The Welded Beam Case: An instant of the evolution process, where
the current elite set, a candidate solution (A) and the training patterns selected
from the current DB for training the metamodel to be used to predict the objective
function value at A are plotted in the design (left) and objective (right) space.

generation of one of the runs. At this instant, λ new offspring have just been
generated. Let us assume that the candidate solution A, with (x1, x2)=(0.2, 0.5)
shown in fig. 4.14, needs to be pre-evaluated using an appropriately trained local
RBF network. For this purpose, 19 patterns are selected from the DB using the
standard selection procedure. In fig. 4.14, the training patterns, the candidate
solution and, also, the current elite-set are plotted both in the design (x1, x2) and
objective (f1, f2) spaces. The exact values of f1 and f2 for A are also shown. It
is evident that, in a problem with only two design variables, there is no reason to
reduce the number of design variables during the training of the RBF networks.
However, it was decided to do so, just for the purpose of demonstration.

A first demonstration of the proposed method is based on the welded beam
problem (fig. 4.7). In fig. 4.15, the f1 predictions using two RBF networks, with
either x1 or x2 as the only sensory unit of each network, are shown. Though
these networks, after being trained on the selected 19 patterns, must be used to
predict the objective functions only at A, it is interesting to observe the overall
deviation between the continuous line which stands for the network response and
the training patterns’ responses. Recall that the number of RBF centers is less
than the number of training parameters, so the network does not interpolate
the training patterns. The observed high deviations, which could be even higher
for some other candidate solutions, are easily explained by the fact that a two-
variable function f1(x1, x2) is handled as f1(x1) or f1(x2). The corresponding
results for f2, instead of f1, are shown in fig. 4.16. The exact objective function
values at A along with the RBF predictions are tabulated in table 4.1. It can be
seen that f1 is predicted with a relative error of ≈57% if f1=f1(x1) and ≈138%
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Figure 4.15: The Welded Beam Case: RBF network predictions of f1 if x1 (left)
and x2 (right) are separately applied to the single sensory unit of the network.
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Figure 4.16: The Welded Beam Case: RBF network predictions of f2 if x1 (left)
and x2 (right) are separately applied to the single sensory unit of the network.
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Figure 4.17: The Welded Beam Case: RBF network predictions of f1 if e1 (left)
and e2 (right) are separately applied to the single sensory unit of the network.
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Figure 4.18: The Welded Beam Case: RBF network predictions of f2 if e1 (left)
and e2 (right) are separately applied to the single sensory unit of the network.

if f1=f1(x2) and the error of f2 is ≈110% if f2=f2(x1) and ≈260% if f2=f2(x2).

Exact RBF network predictions RBF network predictions
(f1, f2) values assuming fi = fi(x1) assuming fi = fi(x2)

f1 28.07 11.88 66.9
f2 0.73 −0.08 2.66

Table 4.1: The Welded Beam Case: Exact response and RBF network predictions
of f1 and f2 at A, using either x1 or x2 as the only input to the network.

The PCA of the current elite-set is used to compute the two PDs which, in
turn, are used to select the single variable that must preferably be associated
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with the only sensory unit of the RBF network. The design space is transformed
according to the computed PDs and the RBF network training is repeated using
either e1 or e2, instead of x1 and x2, as input. The RBF networks’ predictions
are shown in fig. 4.17 and 4.18 and table 4.2. In particular, f1 is predicted with a
relative error of ≈17% if f1=f1(e1) and ≈13% if f1=f1(e2) and f2 with ≈41% if
f2=f2(e1) and ≈43% if f2=f2(e2). From these figures, it is concluded that the
RBF networks can be trained only on e2, i.e. the PD with the smaller variance,
since the training patterns are less scattered both in (e2, f1) and (e2, f2) and the
obtained prediction is more dependable.

Exact RBF network predictions RBF network predictions
(f1, f2) values assuming fi = fi(e1) assuming fi = fi(e2)

f1 28.07 32.86 31.84
f2 0.73 1.04 1.06

Table 4.2: TheWelded Beam Case: Exact responses and RBF network predictions
of f1 and f2 at A, using either e1 or e2 as the only input to the network.

4.6.1 Gain from the Use of M(PCA)AEA(PCA)

To demonstrate the gain in performance from the use of the proposed PCA-
assisted metamodels, 10 runs using the so-called M(PCA)AEA(PCA) optimiza-
tion for the two mathematical test cases presented in section 4.1.3 were performed
with different random number generator seeding.

The comparison between runs based on the use of conventional metamodels
where PCA is used only to drive the evolution operators (denoted by MAEA(PCA))
and additionally enhanced with PCA-assisted metamodels or M(PCA)AEA(PCA),
for the 30D non-separable ellipsoid function with a = 1000 (eq. 4.3), is presented
in fig. 4.19. The plots refer to the mean objective function values of 10 runs. The
IPE phase for the MAEA(PCA) initiated after 300 individuals were stored in the
DB and 25 to 29 training patterns, in the 30D space, were used to train the RBF
networks employed as metamodels. Regarding the M(PCA)AEA(PCA), the IPE
phase started after only the first 100 individuals were stored in the DB since only
4 to 8 training patterns, in the truncated 10D space, were required for the RBF
network training. In the latter case, the RBF networks were trained on the 10
most important directions in the design space, as identified by the PCA.

Regarding the multi-dimensional and multi-modal test case of eq.4.4, a com-
parison regarding EA(PCA), MAEA(PCA) and M(PCA)AEA(PCA) is presented,
for the 30D problem, in fig.4.20. Regarding the MAEA(PCA), the IPE phase ini-
tiated after 300 individuals were stored in the DB and 15 to 19 training patterns in
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Figure 4.19: 30D non-separable ellipsoid with a=1000: Average conver-
gence of EA(PCA), MAEA(PCA) and M(PCA)AEA(PCA). The proposed
M(PCA)AEA(PCA) outperforms both of the other variants.

the <30 space were used to train the metamodel. Regarding M(PCA)AEA(PCA),
the training pattern dimension was truncated from 30 to the 10 most important
ones with respect to f. This allowed for the IPE phase to start just after only
100 individuals were stored in the DB, since only 5 to 9 training patterns were
required for the RBF network training.
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Figure 4.20: 30D multi-modal problem: Average convergence of EA(PCA),
MAEA(PCA) and M(PCA)AEA(PCA).The proposed M(PCA)AEA(PCA)
method performs much better than the other variants.
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In figs. 4.19 and 4.20, one may observe that the use of PCA-driven metamodels
further enhances the MAEA efficiency.

4.7 Design of a Compressor Cascade

The design of a 2D compressor cascade operating at M1 = 0.54, a1 = 44o and
Re=4× 105 for minimum total pressure losses coefficient ω (eq. 3.7) is sought.

The blade airfoil is designed subject to a number of aerodynamic and geomet-
rical constraints: the optimal airfoil must turn the flow by more than 30o and
the blade airfoil thickness at three chord-wise positions 0.3c, 0.6c & 0.9c must be
greater that 0.10c, 0.08c & 0.01c, respectively.

The airfoil shape is parameterized based on its mean-camber line and super-
imposed thickness distributions, presented in section 3.3, yielding 27 design vari-
ables.

The advantages of using the M(PCA)AEA(PCA) method can be seen by com-
paring the performances of a conventional MAEA and the M(PCA)AEA(PCA).
In both cases, the populations are µ=20, λ=60 and λe=6. Both cases used local
RBF networks as metamodels trained on a small number of automatically selected
patterns. The MAEA used a number of 20 to 30 training patterns in the 27D
space. The IPE phase for the MAEA started after 400 individuals were stored in
the DB. Regarding M(PCA)AEA(PCA), the RBF networks used as metamodels
were trained on 5 to 8 patterns in the 10D space. The reduced dimension made
the earlier use of metamodels possible; in the M(PCA)AEA(PCA) run, the IPE
phase started after the first 200 individuals were stored in the DB.

Fig. 4.22 shows the convergence of both methods. M(PCA)AEA(PCA) out-
performs the conventional MAEA, during all but the early generations of the
optimization procedure.

The optimal airfoil resulting from M(PCA)AEA(PCA) run, shown in fig. 4.22,
has a total pressure loss coefficient value of ω = 0.01803 and respects both the
thickness and flow turning constraints. The flow turning of the optimal blade is
∆a = 30o.
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Figure 4.21: Design of a compressor cascade: Comparison of the mean value
and standard deviation from 10 independent runs performed using MAEA,
MAEA(PCA) and M(PCA)AEA(PCA).
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Figure 4.22: Design of a compressor cascade: The optimal airfoil resulted from
M(PCA)AEA(PCA). Left: mean-camber line and thickness distribution together
with their control polygons. Right: The final airfoil after superimposing thickness
distributions on the mean camber line and turned to the fixed stagger angle.
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Figure 4.23: Design of a compressor cascade: Pressure coefficient Cp of the
optimal airfoil shown in fig. 4.22.
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5

Optimization of Hydraulic
Turbomachines

In this chapter, the KBD method presented in Chapter 3 and the MAEA which
is further driven by the principal component analysis (PCA) of promising indi-
viduals, presented in Chapter 4, are used to solve large scale industrial problems
related to the design-optimizations of hydraulic turbines.

In order to perform a successful optimization, a reliable evaluation proce-
dure must be available. The evaluation procedure used in this chapter (fig. 5.1)
comprises three parts: the parameterization tool which is able to generate 3D
turbine blade shapes, the grid generation tool able to automatically generate
computational grids in any geometry created according to the aforementioned
paremeterization tool and the CFD software. Section 5.1 presents the basic fea-
tures of the aforementioned tools. Section 5.1.1 is about the parameterization
which is appropriate for 3D geometries of any type of reaction turbines. The grid
generation is presented in section 5.1.2. And, finally, the Euler solver used to
predict the water flow through the flow passage is presented in section 5.1.3.

Post-processing is an indispensable part of the evaluation procedure. Post-
processing tools are used to compute the metrics associated with the fitness of
each candidate solution, as presented in section 5.2.

Two problems are examined. The first problem is dealing with the design-
optimization of a Francis turbine runner to be installed in a pre-existing hydro-
electric plant. This case is mainly used to study the gain from the use of the
developed KBD method (Chapter 3), as compared with the conventional EA, in
an industrial environment where archived past designs, i.e. the outcomes of more
or less similar projects, are, in fact, available.

The second problem is related to the design of a new type of hydraulic turbines,
the so-called Hydromatrixr. This case is used to demonstrate the gain from
the implementation of the PCA-driven evolution operators (MAEA(PCA)), as
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task.dat

Grid Generation

Build Geometry

FlowSolver

Postprocessing

task.res task.cns

EASY

task.bat

Figure 5.1: According to the EASY nomenclature, the evaluation of each new
candidate solution created during the evolution starts by reading the corresponding
values of the design variables from the “task.dat” file. A series of codes, being I/O
compatible, are sequentially used to, finally, create the “task.res” and “task.cns”
files which include the objective and constraint function values, respectively. The
evaluation process is considered to be terminated once the “task.res” and “task.cns”
files become available to the search engine of EASY. The names of the executable
files required for a single evaluation are listed in the script file ”task.bat”.
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compared with standard MAEA.

5.1 Evaluation Procedure

5.1.1 Parameterization for Turbine Blades

The parameterization of a hydraulic turbine blade, of axial radial or mixed flow
type, consists of two steps. The first step is the parameterization of its 3D mean-
camber surface. The second step is concerned with the thickness of the blade
which is defined by the airfoil shape and the thickness distribution across the
blade, (109, 182).

Starting point of the parameterization of the mean-camber surface is its merid-
ional projection. The meridional projection of the mean-camber surface is con-
fined by 4 curves, namely the hub and shroud generatrices, the leading and trailing
edge curves (fig. 5.2). All four curves are parameterized by a user-defined number
of Bézier control points.

Having defined the meridional projection of the mean-camber surface, the
generation of the 3D shape of the mean-camber surface follows. A set of 2D
iso-span lines, distributed between the shroud and hub, are generated (fig. 5.2).
The 3D shape of the aforementioned lines is based on their meridional projection
and a number of parameters, namely ρ, θ, β, ζ and µ, which are all defined below.
These 3D lines are, then, used as the skeleton of the blade mean-camber surface
(fig. 5.3).

Hub

Leading Edge

Shroud

Trailing Edge 

r

z

ρLE

ρTE

Figure 5.2: Left: Meridional projection of the mean-camber surface of a
Hydromatrixr blade. Right: The 2D iso-span lines distributed between shroud
and hub. Definition of ρ for the leading and trailing edge.
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5. Optimization of Hydraulic Turbomachines

The ρ value is defined at each point along both the leading (LE) and trailing
(TE) edges as the normalized meridional projection of the arc-length of the edge,
with zero value at shroud and unit value at hub (fig. 5.2).

Figure 5.3: The 3D iso-span lines and their superimposed thickness profiles.

The angular position of the LE and TE is controlled by the so-called wrap-
around angle θ. θ(ρ) distributions for the LE and TE together with the r and
z values of their meridional projections define the final 3D shape of both edges.
On the other hand, β is defined as the angle between the local tangent to the
mean-camber surface and the tangent to the z-centered circle through this point.
Therefore, the β(ρ) distributions define the mean-camber surface metal angles
throughout the previously defined LE and TE. β(ρ) and θ(ρ) distributions are
parameterized as Bézier curves of a user-defined degree (fig. 5.4).

The final step in the parameterization of the mean-camber surface is to define
its shape between the LE and TE for all the iso-span lines. This is achieved
through the conformal mapping Φ

Φ : (r, z)→ µ, µ =

∫
1

r
dl (5.1)

where l denotes the arc-length of the meridional projection of the iso-span line.
This conformal mapping performs the angle-preserving transformation of the iso-
span lines from the cylindrical (r, z, θ) to the (µ, θ) coordinate system. The iso-
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θ

ρ

Figure 5.4: Left: β(ρ) distribution. Right: θ(ρ) distribution.

span lines (in the (µ, θ) coordinate system) are defined by third-degree Bézier
curves. The first and last control points are fixed on the LE and TE points of
each iso-span line and the two internal control points depend on ζLE, ζTE, βLE

and βTE angles, respectively (fig. 5.5).

Finally, the two ζ(ρ) distributions, for the LE (ζLE) and TE (ζTE), define the
position of the two internal control points for all the iso-span lines (0 ≤ ρ ≤ 1).
Therefore, the ζ distributions can be seen as the curvature control system of the
aforementioned parameterization of the mean-camber surface scheme, since it
defines how strongly the β values at LE and TE affect the β values in the interior
of the mean-camber surface. Similar to θ(ρ) and β(ρ), the ζ(ρ) distributions are
also parameterized as Bézier curves of a user-defined degree (fig. 5.5). Then the
inverse conformal mapping Φ−1 is used to transform the iso-span lines from the
(µ, θ) coordinate system back to the cylindrical one.

θ

ρ

ζ

Figure 5.5: Left: ζ(ρ) distributions for ζLE and ζTE . Right: Iso-span line, in the
(µ, θ) coordinate system, and its Bézier control point polygon.
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5. Optimization of Hydraulic Turbomachines

The airfoil profiles are defined by a user-defined number of Bézier points (fig.
5.6) and the absolute thickness by two thickness (t(ρ)) distributions (fig. 5.7)
(separately for the SS and PS). The airfoil profiles are scaled so that their maxi-
mum thickness be equal to the one specified by the t(ρ) distribution. Finally, the
scaled airfoil profiles are superimposed onto the mean-camber surface to create
the final 3D blade (fig. 5.7).

Figure 5.6: Bézier control polygons for the PS and SS.

ρ

t

Figure 5.7: Left: t(ρ) distribution. Right: 3D geometry of a Hydromatrixr
turbine with three blades.

5.1.2 Space Discretization - Grid Generation

Amulti-block structured grid generator, tailor-made for hydraulic turbomachines,
which has been developed by Andritz-ASROE is used. This is able to handle
axial, radial and mixed flow machines. Structured grids, using blocks with fixed
topology can, via stretching and twisting, create grids which fit the geometries
under consideration. A multi-block topology (several interconnected structure
grid blocks) gives maximum freedom to the user for generating grids around
quite complex geometries (fig. 5.8).

In this thesis, with respect to the topological characteristics of hydraulic turbo-
machines, such as the TE thickness and the extensions towards the inlet and outlet
of the domain, a four-block topology is used, fig. 5.8. Block 0 is of C-type and is
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Figure 5.8: The four-block topology of a hydraulic turbine. In the sake of sim-
plicity, this is shown for the blade-to-blade grid at mid-span. Block 0 is of C-type
and is used to discretize the area in the vicinity of the blade (airfoil). Blocks 1 to
3 are of H-type and are used to fill the space from pressure side to suction side,
between LE and inlet and blade TE and outlet, respectively; from (1).

used to mesh the area in the vicinity of the blade, capturing the TE thickness.
Block 1 fills the space between two consecutive blades. Block 2 fills the space
between the inlet and the blade LE. Finally, block 3 fills the space after blocks 0
and 1 up to the outlet.

The user may control the grid via changing the shape of the block edges,
defining different numbers of nodes and/or changing the distribution of grid nodes
along each boundary.

To construct the 3D grid, a user-defined number of pseudo 2D (laying on
iso-span surfaces fig. 5.9) grids are computed using the grid parameterization as
described above and are, then, combined to create the final 3D grid.

It is important to mention that the described grid generation technique can
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5. Optimization of Hydraulic Turbomachines

Figure 5.9: Iso-span surface grid, presented as a pseudo-2D grid. A user-defined
number of the iso-span surface grids (from hub to shroud) is considered in order to
generate the 3D grid. Top-Left: the pseudo-2D grid at the mid-span position. Top-
Right: the same grid in the 3D space. Bottom-Left: Hub, mid-span and shroud
grids. Bottom-Right: Final 3D grid.

accommodate a great variation of geometries without failing. This is of great
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importance for a grid generator to be used in an optimization loop. Thus, the
risk of having “good” geometries classified as “failed”, due to the failure of the
grid generation process, is minimized.

In this thesis, both guide vane and runner blade channels are meshed using a
grid generation tool with the previous features.

5.1.3 Flow Solver

Water flow through the passage between the hydraulic turbine blades is simulated
by a CFD code developed by Andritz-ASROE. The aforementioned code is a
multiblock solver for the incompressible 3D Euler equations. The Euler equations
are expanded by an artificial compressibility term, (26, 178). Their discretization
is based on application of the 1D Roe approximate Riemann solver, (155). The
numerical solution is carried out through the ADI (Alternating Direction Implicit,
(141)) method on structured grids. Convergence is accelerated via a V-cycle
multigrid scheme.

In differential form, the Euler equations with the artificial compressibility
term are written as

∂Q

∂t
= ∇ · F (5.2)

where,

Q =


p
u1

u2

u3

 , Fi =


β2ui

β2u1ui + pδi1
β2u2ui + pδi2
β2u3ui + pδi3

 (5.3)

where β the artificial compressibility (26, 178) and δij the Kronecker symbol.

Inlet and outlet boundary conditions are applied in an explicit way, on grouped
faces, via the phantom cell technique. At the inlet, the total pressure distribution
and the velocity angle or the velocity profiles are imposed. At the outlet, the static
pressure or the total pressure, both based on the radial equilibrium equation, are
iteratively imposed.

Should the inlet velocity profile be imposed, the massflow is automatically
determined and the hydraulic head results from the solution of the flow equations.
On the other hand, if the total pressure profile and velocity angle are defined at the
inlet in combination with the total pressure and the radial equilibrium equation
at the outlet, then the hydraulic head is fixed and the massflow results from the
solution of the flow equations. Such a choice plays a significant role regarding the
control of the operating point, as it will be shown later on.
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5. Optimization of Hydraulic Turbomachines

5.2 Hydraulic Turbine-Runner Quality Metrics

The metrics used to quantify the quality of the candidate solutions are presented
below. A metric may coincide with an objective function or a part of it or may
even be used as a constraint.

In this thesis, metrics are associated with:

• σ: The cavitation behaviour of the blade; cavitation is a common prob-
lem related to the operation of hydraulic machines subject to low pressure
liquids, causing performance degradation and structural damages.

• M1: The circumferential and meridional velocity profiles at the exit position
of the runner; the exit of the runner coincides with the inlet to the draft-tube
and these profiles significantly affect the matching of the two components.

• M2 The blade loading quality, since usually the equidistribution of loading is
desired along the chordwise direction of the blade at any span-wise location.

• M3 The pumping surface of the blade; in case of non-regulated turbines,
neither the stator nor the rotor blades can be adjusted to perform optimally
at every operating point. In such a case, during part-load operation, a small
part of the blade surface is operating as a pump, i.e. the PS has lower
pressure than the SS; the corresponding area should be minimized.

5.2.1 Cavitation Metric

In hydraulic turbines, cavitation is the phenomenon of water vaporization (forma-
tion of cavities/bubbles) as the pressure tends to become lower than the vapour
pressure. When the cavitation bubbles collapse in the vicinity of a solid sur-
face, they may cause erosion, compromising thus both the structural integrity
(removed material) and the hydraulic performance (altered shape) of the turbine
(24, 106, 174). In addition, the collapse of cavitation bubbles generates noise,
via the large momentary pressures that are generated when the internal of the
bubble is highly compressed.

The conventional way to characterize how close the minimum liquid pressure
is to the vapour pressure and, therefore, quantify the danger of cavitation to
occur, is by means of the so-called cavitation number σ, defined as

σ =
p∞ − pv,T∞

0.5ρLU2
∞

(5.4)

where U∞, p∞ and T∞ stand for a reference velocity, pressure and temperature,
respectively. ρL is the liquid density and pv,T∞ is the saturated vapour pressure.
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5.2 Hydraulic Turbine-Runner Quality Metrics

If σ is sufficiently large, p∞ is large compared to pv,T∞ or U∞ (eq. 5.4), single-
phase liquid flow will occur. However, if σ drops below the σ incipient value (σi),
cavitation will occur. In the simplified case of a liquid which cannot withstand
any tension and in which case vapour bubbles appear instantaneously when the
minimum pressure (pmin) reaches pv,

σi =
p∞ − pmin

0.5ρLU2
∞

(5.5)

The incipient cavitation number could be ascertained from observations, mea-
surements or simulations of single-phase flows. For σ > σi, the pressure along the
entire flow field is greater than pv thus no cavitation occurs. On the other hand,
if σ ≤ σi, it exists at least one point in the flow field with pressure lower than pv
where cavitation occurs.

For hydraulic turbines, the tendency of the flow to cavitate is characterized
by the so-called Thoma’s cavitation coefficient σ, (24)

σ =
pt,exit − pv
ρLgH

(5.6)

where pt,exit is the total pressure at the exit of the turbine, pv the vapour pressure
for the liquid and H the hydraulic turbine head. The denominator is the total
pressure difference between the turbines inlet and outlet.

Making the same assumptions as in eq. 5.5, the σi for the Thoma’s cavitation
coefficient is

σi =
pt,exit − pmin

ρLgH
(5.7)

Let Cp be the pressure coefficient

Cp =
p− pt,exit
ρLgH

(5.8)

The σi quantity for the Thoma’s cavitation coefficient is

σi = −Cpmin (5.9)

where Cpmin is the Cp value at the location where the minimum pressure (pmin)
appears.

The cavitation behaviour of a hydraulic turbine can be observed through the
Cp distribution, plotted over the hydraulic turbine surfaces. In fig. 5.10, the
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Cp distribution of a turbine runner blade at mid-span is shown. There are , in
fact, three possibilities: (a) σ >−Cpmin, thus pv <pmin and therefore cavitation
doesn’t occur; (b) σ =−Cpmin, in which case if the assumptions of eq. 5.5 and
5.7 are true, the liquid cannot withstand any tension and vapour bubbles appear
instantaneously when minimum pressure (pmin) reaches pv, so cavitation occurs
at the point with the minimum pressure; (c) σ <−Cpmin, in which case p < pv
over part of the blade. Therefore, this region is considered as cavitated.
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Figure 5.10: Pressure coefficient distribution at the blade mid-span.

In this thesis, in order to reduce the effects of assumptions related to eq. 5.5
and eq. 5.7, the σ-histogram method (163) is used. In the σ-histogram method,
during the calculation of σi, the minimum pressure pmin is replaced with the
so-called histogram pressure pHist (eq. 5.10). pHist is extracted from the blade
pressure distribution, after require that a user-defined surface percentage (A)
must have pressure values below pHist, (fig. 5.11)

σHist
i =

ptot,exit − pHist

ρLgH
(5.10)

5.2.2 Outlet Velocity Profiles

Coupling the turbine runner with a pre-existing draft-tube is controlled via the
outlet velocity profile metrics. This requires the definition of a target distribution
and, thus, the corresponding metric stands for the deviation of the acquired
distribution from the target one (fig. 5.12). To perform optimally, a given draft-
tube must have specific mass-flow (Cm = cm√

2gH
) and swirl (Cu = cu√

2gH
) span-wise

distributions, where cm and cu are the meridional and circumferential components
of the flow velocity, respectively.
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pmin

A

Figure 5.11: pHist computed with three different A values together with pmin on
the SS of a Francis hydraulic turbine. Increasing A results in increased pHist and,
therefore, reduced σHist

i . The values of A used to plot this figure were artificially
set quite different than the ones used in the optimization, in order to present visible
iso-areas.

Therefore, the “outlet velocity quality” metric is defined as the deviation of
the computed distributions from the corresponding targets.

5.2.3 Blade Loading Quality Metric

Loading quality refers to the way load (eq. 5.11) is distributed along the run-
ner blade surface. Constant load along the blade, in the chordwise direction,
is desirable (fig. 5.13) and is linked both to the hydraulic quality and the good
structural behaviour. Load, at each blade position, is defined as the integral of
pressure coefficient difference (CPS

p − CSS
p ) over the blade surface
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Figure 5.12: Outlet velocity distributions (thin lines) and the draft-tube spe-
cific target distributions (thick lines). Cm is shown with the dashed lines and Cu

with the solid ones. The “outlet quality” metric stands for the deviation between
computed distributions and targets and is marked in grey.

Load(x) =

∫
(CPS

p (x)− CSS
p (x))dx (5.11)
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Figure 5.13: Left: Load definition. Right: Chord-wise load distributions of the
profile presented on the left, as defined before.

Since constant load along the blade in the chordwise direction is desirable,
optimization should aim at the minimization of the standard deviation of load
along the blade surface.
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5.2.4 Pumping Surface Metric

In case of non-regulated hydraulic turbines, such as the Hydromatrixr (section
5.4), an extra quality metric which is associated with their operation at part-load,
must be introduced.

In non-regulated machines, neither the stator nor the rotor blades can be ro-
tated so to adjust incoming/outgoing flow directions. During part-load operation,
negative incidence angles appear (fig. 5.14), creating thus a region where the SS
has higher pressures than the PS. This part of the blade is operating as a pump
and, in a well performing turbine, must be minimized.

Figure 5.14: Pressure contour, along with streamlines near the shroud region,
at part-load operation of a non-regulated hydraulic turbine. Water flow near
the shroud region has negative incidence angle and, therefore the aforementioned
pumping surface is formed. This surface needs to be minimized. The blade PS is
the one on top.

In fig. 5.14, one may observe the flow streamlines at the near shroud region
and how they meet the blade SS. This causes both a high-pressure region at the
SS, due to the stagnation of the flow in there this meets the blade, and a low
pressure region on the PS due to high flow speeds.

The partial pumping operation phenomenon can also be observed by the pres-
sure coefficient (Cp) plots (fig. 5.15). The near-hub Cp distribution (thick continu-
ous line) is free from pumping areas. In contrast, the near-shroud Cp distribution
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Figure 5.15: Pressure coefficient (Cp) distribution along the blade chordwise di-
rection at part-load operation of a non-regulated hydraulic turbine at three span-
wise locations: hub, mid-span and shroud. The pumping area corresponds to the
first 10% of the chord at mid-span and shroud locations

(dashed line) suffers from partial pumping operation. The near-LE region of the
shroud Cp distribution exhibits the so-called “crossed” distribution which denotes
that the pressure at blade PS is lower than that of the SS. The thin continuous
line is the mid-span Cp distribution which suffers also from pumping operation,
without however being as severe as close to the shroud.

5.3 Optimization of a Francis Turbine Runner

The design-optimization of a Francis turbine runner is presented in this section.
Due to the great number of design variables used to parameterize the candidate
geometries, this case is perfectly suited to demonstrate the gain from the use of
the KBD method.
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5.3.1 Francis Turbine

Nowadays, Francis turbines are the most frequently used water turbines since
they can operate in a considerable part of the discharge-head diagram (fig. 5.16)
(140). Francis is a reaction type water turbine, named after its developer James
B. Francis.

Figure 5.16: Range of application for the different turbine types, (140).

A typical Francis turbine consists of four parts (fig. 5.17). The spiral casing
together with the stay-vanes are designed to provide uniform water intake along
the entire circumference of the wicket-gates inlet. The wicket-gates (or guide-
vanes) are adjustable to allow efficient turbine operation for a range of water flow
conditions. The runner aims at harnessing the hydraulic energy. Finally, the
draft-tube is used to transform the outlet kinetic energy into head.
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Figure 5.17: Francis turbine and its constituent parts, (2).

5.3.2 Case Presentation

From the industrial point of view, the design problem in hand is referred to as
a modernization/rehabilitation project, since it mainly aims at upgrading the run-
ner (fig. 5.18) for using it in an existing power plant. Modernization/rehabilitation
projects are fairly common world-wide and, particularly in Europe where almost
all large-hydro locations are already tapped and a lot of them are rather “aged”.
Typical reasons for modernization/rehabilitation project are:

(a) to increase the reliability and availability of the power plant;

(b) to extend its life and restore its performance;

(c) to improve its performance, including:

– efficiency and/or power,

– reduction of cavitation erosion,

– enlargement of the operating range,

(d) to improve plant safety;

(e) to resolve environmental, social or regulatory issues;

(f) to reduce the maintenance or operating cost;

(g) to take into account other parameters, such as:

– modified governmental regulations,
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– modified hydrology conditions or

– modified market conditions.

In modernization/rehabilitation projects, the designer must ensure that the
newly designed runner fits perfectly in the pre-existing structure by respecting
both geometrical and hydraulic-behaviour constraints. Geometrical constraints
are mostly related to the inlet-outlet diameters and the hub-shroud meridional
contour. On the other hand, the runner should respect given inlet flow condi-
tions and, also, a new objective associated with the draft-tube coupling must be
considered, in addition to those related to efficiency and cavitation. The reason
is that, at the outlet, the runner must meet an existing draft-tube inlet which
works optimally for a specific inlet velocity profile.

Figure 5.18: Optimization of a Francis Turbine: An existing runner which is
quite similar to the one designed herein, is shown, (2).

5.3.2.1 Design Parameterization

The design variables and their corresponding ranges are picked from the set spec-
ified in section 5.1.1 through a user-friendly graphical interface integrated in the
parameterization tool, (109, 182). In this case, the design vector consists of 336
design variables, as in table 5.1.
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Number of used to parameterize the:
design variables

6 Spanwise distributions of θLE
6 Spanwise distributions of θTE

6 Spanwise distributions of βLE

6 Spanwise distributions of βTE

6 Spanwise distributions of ζLE
6 Spanwise distributions of ζTE

6 Spanwise thickness distributions for PS
6 Spanwise thickness distributions for SS
8 LE projection on the meridional plane
8 TE projection on the meridional plane
4 Shroud generatrix (on the meridional plane)
4 Hub generatrix (on the meridional plane)

12× 11 Airfoil profiles for the PS (11 profiles)
12× 11 Airfoil profiles for the SS (11 profiles)

336 Design variables, in total

Table 5.1: The design variables used to parameterize the Francis runner.

5.3.2.2 Objectives and Constraints

The objective vector comprises of two objectives which correspond to the outlet
velocity profile metric (M1) and the blade loading quality one (M2). To define
M1, the user-defined target profiles shown in fig. 5.19 are used.

To ensure performance stability, the runner to be designed is desirable to yield
optimal performance at three operating points, the best efficiency (BE) point,
the part-load (PL) and full-load (FL) ones. The three-operating-point design is
handled as an optimization problem with two objectives, where each objective
function is computed for each operating point separately (eq. 5.12) and, then,
the “overall” value fi is set equal to the weighted sum of the corresponding values
for the three operating points, (table 5.2). Thus, if

f i
1 = M i

1 , f i
2 = M i

2 (5.12)

where the superscript i = 1, 2, 3 denotes the operating point, then

f1 =
3∑

i=1

wif
i
1 , f2 =

3∑
i=1

wif
i
2 (5.13)
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Figure 5.19: Optimization of a Francis Turbine: Target non-dimensional velocity
profile distributions at the runner outlet.

where wi the weights for each operating point (table 5.2).

Operating point Weight (wi)
Best Efficiency (BE), i = 1 1.0

Part-Load (PL), i = 2 0.3
Full-Load (FL), i = 3 0.3

Table 5.2: Optimization of a Francis Turbine: Operating point weights.

For each operating point, two constraints are imposed (table 5.3). The first
is related to cavitation safety and the second aims at ensuring that the turbine
operates at the desired point. The cavitation constraint is based on the σHist

method, as presented in section 5.2.1. Operating point control is carried out by
imposing constraints on the maximum distance from the desired operating point.
Here, given that the massflow is fixed due to the imposed inlet boundary condi-
tions, the operating point is controlled via constraints imposed on the hydraulic
height

∆H =
Hcomputed −Hdesirable

Hdesirable

(5.14)

where Hdesirable the height of the desirable operating point.
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Operating point σHist
i < σ Hydraulic height

BE σHist
i < 0.2 |∆H i| < 1.5%

PL σHist
i < 0.2 |∆H i| < 5%

FL σHist
i < 0.2 |∆H i| < 5%

Table 5.3: Optimization of a Francis Turbine: Constraints per operating point.

5.3.3 Results

As mentioned above, this case is used to demonstrate the use of the proposed
KBD method in industrial environment. Therefore, two optimization procedures
were tried: one by using the conventional EA since the large number of design
variables makes the use of metamodels (as in standard MAEA) inefficient and a
second one using the KBD-MAEA method.

5.3.3.1 Archived Designs

Three archived designs were available (fig. 5.20). These designs were developed to
perform optimally at operating points close to those set for the desired blade. The
criteria used to find relevant archived designs were the non-dimensional specific
speed NED and specific massflow QED

1 defined as follows

NED =
n

60

D√
gH

, QED =
Q

D2
√
gH

(5.15)

The archived designs to be used as basis vectors for this case were re-evaluated
at the desirable operating points and their quality metrics are summarized in table
5.4.

A closer look at B1 reveals the findings tabulated in table 5.4. For instance,
from fig. 5.21, where Cp iso-areas are plotted over the runner surfaces, areas which
are prone to cavitation can be identified. From this figure, one may observe the
lowest value of Cp = −0.216 which advocates the presence of cavitation, since
σi ≈ −Cp = 0.216 . Recall that σ = 0.2 and that σi must be greater than σ
for cavitation to appear. The σHist

i value which is equal to 0.21, confirms this
observation. Recall that σHist

i is a better estimation of σi than the −Cp one. So,
the archived design B1 is suffering from cavitation even at the BE point. Fig.
5.21 shows that regions with low Cp which are prone to cavitation exist over the
SS, near the TE, between mid-span and shroud. The archived design B1 suffers

1NED and QED are dimensionless quantities based on energy (E=1) and diameter (D=1)
used to characterize turbine operation.
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5.3 Optimization of a Francis Turbine Runner

Figure 5.20: Optimization of a Francis Turbine: The three archived geometries
used as basis vectors.

from cavitation at the PL point too and is just marginally safe at the FL point
(table 5.4).

Regarding the same design B1, fig. 5.22 shows the noticeable deviation from
the desirable outlet Cm and Cu velocity profiles for operating at BE point. Dashed
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Archived OP M1 M2 σHist
i |∆H|

Design
BE 0.472 0.538 0.21 > 0.2 * 5% > 1.5% *

B1 PL 0.552 0.824 0.23 > 0.2 * 3.6% < 5%
FL 0.408 0.594 0.2 = 0.2 5.7% > 5% *

BE 0.563 0.922 0.22 > 0.2 * 3.8% > 1.5% *
B2 PL 0.534 0.888 0.24 > 0.2 * 2.6% < 5%

FL 0.522 1.178 0.22 > 0.2 * 4.8% < 5%

BE 0.402 0.663 0.19 < 0.2 6.8% > 1.5% *
B3 PL 0.515 0.808 0.21 > 0.2 * 6.9% > 5% *

FL 0.257 0.896 0.18 < 0.2 7.1% > 5% *

Table 5.4: Optimization of a Francis Turbine: Quality metrics (objectives and
constraints) for the 3 archived designs (B1, B2 and B3) for all operating points (BE,
PL and FL). An asterisk (*) next to an inequality means that the corresponding
constraint is violated.

lines represent Cm and continuous lines Cu. For the purpose of comparison, in
the same plot, the target distributions are plotted with thicker lines.

The loading quality of B1 can be demonstrated through the chord-wise Cp

distribution plot, as defined in eq. 5.8, along the hub, mid-span and shroud (fig.
5.23). Though, at mid-span and hub, relatively good loading behaviour is ob-
served, the blade part which is close to the shroud suffers from important load
differences.
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Figure 5.21: Optimization of a Francis Turbine: Cp iso-areas for the archived
geometry B1, at the BE operating point. The area which is prone to cavitation
(region with low Cp) is clearly marked at SS, near the TE, between mid-span and
shroud.
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Figure 5.22: Optimization of a Francis Turbine: Cm and Cu profiles for the
archived design B1, operating at the BE point. Target distributions are plotted
with thicker lines.
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Figure 5.23: Optimization of a Francis Turbine: Cp profiles hub, mid-span and
shroud for the archived design B1, for the BE operating point.

104



5.3 Optimization of a Francis Turbine Runner

Regarding B2, the existing blade suffers from cavitation at all three operating
points, see table 5.4. Fig. 5.24 shows the Cp iso-areas over the runner blade
surface of B2, operating at the BE point. The lower limit of Cp, (Cp =−0.234)
denotes that cavitation might appear and this is confirmed by the computed σHist

i

values (table 5.4). Fig. 5.24 shows that cavitation occurs over the suction side
near the trailing edge at the near hub region.
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Figure 5.24: Optimization of a Francis Turbine: Cp iso-areas for the archived
design B2 operating at the BE point. Cavitation occurs on SS, near the TE close
to the hub.

The outlet velocity quality is plotted in fig. 5.25. Cm is far away from the
desirable distribution and Cu, close to the hub, has locally high values.
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Figure 5.25: Optimization of a Francis Turbine: Cm and Cu profiles for the
archived design B2 at the BE operating point. Target distributions are plotted
with thicker lines.

From the Cp profiles computed for the archived design B2 operating at the
BE point (fig. 5.26), one may observe the non-satisfactory loading quality; the
same information can be obtained from table 5.4. In the three spanwise positions,
there are important load differences along the chord direction.
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Figure 5.26: Optimization of a Francis Turbine: Cp profiles at hub, mid-span
and shroud for archived design B2 at the BE point.

Archived design B3 is clean from cavitation at all but the PL operating point,
see table 5.4. Fig. 5.27 shows the Cp iso-areas for B3 operating at the PL point.
The lowest Cp value observed, namely Cp = −0.215, is a clear indication of the
presence of cavitation, as also confirmed by the computed σHist

i value (table 5.4).
Cavitation is observed at the suction side near the TE.

Regarding the outlet velocity profile quality, fig. 5.28, both Cm and Cu deviate
considerably from the desirable distributions.

Loading quality is demonstrated in fig. 5.29. The computed Cp profile at the
shroud shows important loading differences.

Since none of the three archived designs shows “good” outlet velocity profiles
and loading and, also, doesn’t respect the imposed constraints, a “Revise” step
is needed. In this thesis, this step is based on EAs, with or without metamodels.
So, practically, two optimizations have been carried out. The first was based
on a conventional EA (µ=30, λ=120) using 336 design variables, according to
the aforementioned parameterization. The second employed the proposed KBD
method, i.e. the so-called KBD-MAEA (µ=20, λ=60, λe=4 to 8, with the IPE
phase starting after recording the first 150 non-failed individuals in the DB). The
KBD-MAEA run handled 19 optimization variables. For both optimizations, the
three archived designs were injected in the population of the first generation.

Regarding KBD, the 19 optimization variables result from grouping the design
variables (eq. 3.6) into 6 groups (table 5.5) plus the extrapolation variable Ψ.
This set-up requires 6 weights to control the influence of each one of the archived
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Figure 5.27: Optimization of a Francis Turbine: Cp iso-areas for archived design
B3 at PL operating point. Cavitation is observed at SS, near the TE.

designs to any candidate solution, giving rise to 18 weights, in total.

The comparison of the performance of EA and KBD-MAEA is made using
the hypervolume indicator (185). The hypervolume indicator assumes that the
quality of a Pareto front can be expressed by a scalar value which stands for the
area or volume or hypervolume of the dominated, by the Pareto front, part of the
objective space up to a user-defined nadir point. With the same nadir point, the
higher the hypervolume indicator, the higher the quality of the Pareto front.

The comparison of the evolution of the hypervolume indicator in terms of
the number of exact evaluations carried out by the EA and the KBD-MAEA is
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Figure 5.28: Optimization of a Francis Turbine: Cm and Cu profiles for the
archived design B3, at the BE point. For the purpose of comparison, in the same
plot, target distributions are plotted with thicker lines.
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Figure 5.29: Optimization of a Francis Turbine: Cp profiles hub, mid-span and
shroud, for the archived design B3, at the BE point.

shown in fig. 5.30. The horizontal axis expresses the CPU cost, by just making
the realistic assumption that all evaluations have the same cost.
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Group Design variables determining the:
1 Spanwise distributions of θLE
1 Spanwise distributions of θTE

2 Spanwise distributions of βLE

2 Spanwise distributions of βTE

3 Spanwise distributions of ζLE
3 Spanwise distributions of ζTE

4 Spanwise thickness distributions for PS
4 Spanwise thickness distributions for SS
5 LE meridional position
5 TE meridional position
5 Shroud meridional generatrices
5 Hub meridional generatrices
6 Airfoil profiles for the PS (11 profiles)
6 Airfoil profiles for the SS (11 profiles)

6 Groups, in total

Table 5.5: Optimization of a Francis Turbine: The 6 Groups defining the 6× 3 =
18 optimization variables out of the 19 used in the KBD method.

The KBD-MAEA significantly outperforms the conventional EA. It starts with
significantly better individuals in the first generation which demonstrates that,
even though the archived designs are far from the optimal design, the grouping
of the design variables and the use of normal distribution to set the importance
regions in the design space are very close to the “physics” of the problem in hand.

By examining fronts of non-dominated solutions (fig. 5.31), as computed by
the two methods at the same CPU cost of 1500 exact evaluations, it can easily be
concluded that designs of higher quality are obtained by the KBD-MAEA run.
One of the non-dominated solutions computed by the KBD-MAEA, i.e. the one
marked with A, was chosen for further analysis at the three operating points.

The quality metrics of design A are summarized in table 5.6. To compare
design A with the archived ones, its metrics should be compared with the values
presented in table 5.4. This comparison reveals that, design A is significantly bet-
ter that the three archived designs at all operating points and for both objectives.
Design A is, in fact, a high quality blade.

Regarding cavitation, the behaviour of the selected design A can be seen by
examining figs. 5.33, 5.34 and 5.35, for the BE, PL and FL points, respectively.

At the BE point, the lowest Cp value is −0.179, fig. 5.33, which is a clear
indication of the absence of cavitation. At the PL point, the lowest Cp value
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Figure 5.30: Optimization of a Francis Turbine: hypervolume comparison be-
tween EA and the proposed KBD-MAEA method.

Geometry OP M1 M2 σHist
i |δH|

BE 0.001 0.302 0.18 < 0.2 1.1% < 1.5%
A PL 0.086 0.409 0.19 < 0.2 1.5% < 5%

FL 0.092 0.504 0.18 < 0.2 4.1% < 5%

Table 5.6: Optimization of a Francis Turbine: Quality metrics (objectives and
constraints) regarding the chosen design A for all operating points (BE, PL & FL).
The design is safe regarding cavitation at all operating points and operates within
the desirable range.

is −0.192 and, therefore, σi ≈ 0.192 which is quite close to the 0.2 limit but
still safe. Typically, off-design points, such as the PL and the FL ones, operate
marginally closer to the cavitation limit than the BE one. Design A, operating
at PL yields the lowest values of Cp at the SS of the blade near the TE, fig. 5.34.
At the FL point, the lowest Cp value is equal to −0.182 (fig. 5.35). Fig. 5.36
demonstrates that the blade areas which are closer to cavitation are located close
to the TE and LE, on the SS.

Furthermore, the outlet flow quality of design A at the BE point is plotted in
fig. 5.37. Design A clearly outperforms all three archived designs regarding the
outlet flow quality metric. A quite good agreement with the desirable outlet Cm
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Figure 5.31: Optimization of a Francis Turbine: Fronts of non-dominated solu-
tions computed at the cost of 1500 exact evaluations by the EA and KBD-MAEA
method. Optimal solution A was selected for further analysis (see figs. 5.32 to
5.38).

and Cu distributions is obtained.
For the same design, its loading quality at hub, mid-span and shroud is pre-

sented in fig. 5.38.
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Figure 5.32: Optimization of a Francis Turbine: Design A and the three archived
designs used. The high diversity among the four designs can be observed. The
ability of the KBD method to produce designs, highly diversed in comparison with
the archived ones is noticeable.
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Figure 5.33: Optimization of a Francis Turbine: Cp contour for design A at the
BE point. The lowest Cp value is equal to −0.179 corresponding to a σi value of
0.179, well below the imposed cavitation limit (0.2).
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Figure 5.34: Optimization of a Francis Turbine: Cp contour for design A at the
PL point. The lowest Cp value is equal to −0.192 which compared to the BE point
operation, fig. 5.33, is quite close to the cavitation threshold but still on the safe
side.
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Figure 5.35: Optimization of a Francis Turbine: Cp contour for design A at the
FL point. The lowest Cp value is −0.182, which is lower than that for the operation
at the BE point. However, this is higher than that of the PL point.
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Figure 5.36: Optimization of a Francis Turbine: Cp contour for design A at the
FL operating point over SS. Over the SS of the blade operating at FL, there is an
additional low Cp zone near the LE, in addition to that existing close to the TE.
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Figure 5.37: Optimization of a Francis Turbine: Outlet Cm and Cu profiles for
design A at the BE point.
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Figure 5.38: Optimization of a Francis Turbine: Cp profiles at hub, mid-span
and shroud, for design A at the BE point.
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5.4 Optimization of a Hydromatrixr Turbine

In this section, the design-optimization of a complete Hydromatrixr turbine is
presented. This case is used to demonstrate the expected gain from the use of
the proposed MAEA(PCA). Many industrial optimization problems, such as the
design of a Hydromatrixr turbine, are ill-posed (in the way this term is used in
this thesis) which, as shown in Chapter 4, causes drop in EAs efficiency.

5.4.1 The Hydromatrixr Turbine

Hydromatrixr is an axial reaction type water turbine (fig. 5.39) developed by
Andritz Hydro as an innovative solution for use in low-head hydropower sites
(3, 4). The concept of Hydromatrixr relies on the use of a number of small
non-regulated (fixed blade) turbines, in place of a conventional large regulated
one (fig. 5.40). The proposed way to regulate a Hydromatrixr system is via
closing/opening a number of turbines so to keep the massflow per open turbine
as close as possible to that of its BE operating point. In order to avoid flood,
if the flow exceeds the turbines capacity, a number of turbines can be raised or
removed from their operating positions like a gate (fig. 5.40).

Figure 5.39: Optimization of a Hydromatrixr Turbine: Hydromatrix turbine
module, (3, 4).

The Hydromatrixr ability to use existing weir structures reduces the ad-
ditional civil works to minimum and enables power plant operators to install
hydroelectric power plants at extremely competitive costs with minimal environ-
mental impact. The number of matrix turbines and their arrangement in rows
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depends on the existing civil structure and its position relative to the head- and
tail-water elevations. The use of a number of small turbine generator units (also
known as “modules”) results in simple and robust turbine and generator designs.
The standardized modular factory assembled grid or “matrix” (fig. 5.40) results
in short project schedules and high availability. A Hydromatrixr turbine con-
sists of three different parts: the distributor cone containing the stay-wanes, the
runner and the draft-tube (fig. 5.39).

Figure 5.40: Optimization of a Hydromatrixr Turbine: Left: replacement of a
single large turbine by a matrix of smaller ones. Right: Matrix turbines in raised
position (in case of flood conditions, inspection or maintenance). From (3, 4).

Technical requirements regarding the economically feasible use of Hydromatrixr
are listed below, (3, 4):

• Available plant discharge greater than 60m3/s.

• Available head from 2 to 30 m.

• Minimum submergence 1.5 m below tailwater.

• Unit output from 200 kW up to 700 kW.

• Close grid connection.

• Structures suitable for Hydromatrixr.

– Navigation dams: Large lock and dam navigational structures along a
number of major rivers.
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– Irrigation dams: Many structures for irrigation purposes exist world-
wide, spilling water to agricultural areas on a regular basis.

– Sluice in shiplocks: Navigation river systems include dams and locks
for ship transfer. In places where an existing slot is available, a
Hydromatrixr module can be installed for power generation. The
turbine-generator units can be designed to operate in both flow direc-
tions.

– Abandoned shiplocks: Due to the increasing navigation and transport
activities on major rivers, many shiplocks have become too small and
new shiplocks were built.

5.4.2 Case Presentation

This section is concerned with the design of a Hydromatrixr turbine for a given
hydroelectric plant. The fact that Hydromatrixr is a new type of hydro turbine
and that many untapped locations worldwide lay within their operating range
denotes the importance of these design-optimization problems for the hydraulic
turbine industry.

5.4.2.1 Case Formulation

The design problem in hand comprises the design of rotor blades, rotor hub and
stay-vane end-tips. The distributor cone, the runner shroud and the draft tube
are all fixed due to the modular construction and the generator size (fig. 5.41).

Generator
Stay-vanes

Runner

Draft tube

r

z

D2

Figure 5.41: Optimization of a Hydromatrixr Turbine: Schematic representa-
tion, with red (light dotted) are the free to design parts and with black the fixed
(due to construction constraints) ones.

5.4.2.2 Design Parameterization

In this case, the vector of design variables could be decomposed into two parts, a
first one which is associated with the runner blade and the hub and a second one
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which is related to the stay-vanes. The first part is based on the parameteriza-
tion presented in section 5.1.1 and introduces 52 design variables to describe the
rotor blade mean surface (table 5.7). The second part of the parameterization is
associated solely with the stay-vane TE, since the stay-vanes thickness distribu-
tions are frozen for reasons related to their structural behaviour (stay-vanes must
hold both the generator and runner weight in place). Also, the stay-vane LE is
fixed since the flow meets the stay-vanes with a given axial velocity. The EA is
concerned only with the first part of the parameterization. The second part is
used to regulate the BE operating point as it will be shown later on.

Number of Design variables determining the:
design variables

6 Spanwise distributions of θLE
6 Spanwise distributions of θTE

6 Spanwise distributions of βLE

6 Spanwise distributions of βTE

6 Spanwise distributions of ζLE
6 Spanwise distributions of ζTE

8 LE projection on the meridional plane
8 TE projection on the meridional plane

52 Design variables, in total

Table 5.7: The 52 design variables used to parameterize the Hydromatrixr run-
ner. This is the array of design variables the EA is dealing with.

For evaluating the performance of each runner geometry, the numerical sim-
ulation of the water flow through the turbine, based on the Euler equations,
section 5.1.3, was used. The solver uses, as input, the rotational speed (n) and
the total pressure drop from the inlet to the outlet (H). The flowrate Q is an
outcome of the simulation. To get the desired Q value, required by the operation
at the BE point, a procedure which iteratively deflects the stay-vane TE (second
part of the parameterization) was used. This procedure is explained in detail in
Appendix A.1. So, even if the optimization problem deals only with the design
of the runner, the trailing part of the stay-vane iteratively adapts itself so as to
fit the given rotor. The maximum number of iterations of the deflection angle
α which were allowed was defined by the designer. This iterative process is the
main reason that the CPU cost per evaluation may noticeably vary among the
candidate solutions.
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5.4 Optimization of a Hydromatrixr Turbine

5.4.2.3 Objectives and Constraints

The objectives vector consists of two objectives: f1 is the outlet velocity profile
metric (M1) and f2 is the combination of (a) the blade loading quality metric
(M2), (b) the cavitation index σHist

i and (c) the pumping surface metric (M3).
The first objective is, therefore, concerned with the draft-tube coupling qual-
ity, seeking for blades with the minimal divergence from the user-defined target
profiles shown in fig. 5.42. On the other hand, the second objective controls
the pressure distribution over the runner blade, incorporating all relevant quality
metrics. So

f i
1 = αiM i

1 (5.16)

f i
2 = βiM i

2 + γiσHist
i + δiM i

3

BE, i=1 PL, i=2 FL, i=3 Contributing to
αi (M1) 1.0 0.0 0.0 f1
βi (M2) 0.2 0.0 0.0 f2
γi (σHist

i ) 1.0 1.0 1.0 f2
δi (M3) 0.0 100.0 100.0 f2

Table 5.8: Optimization of a Hydromatrixr Turbine: Weights associated with
the quality-metrics. Based on these weights, the quality metrics are grouped into
two objective functions f1 and f2.
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Figure 5.42: Optimization of a Hydromatrixr Turbine: Target non-dimensional
velocity profile distributions at the runner outlet.

For the already defined 3× 2 = 6 functions to be minimized at the three
operating points, the two objective functions used in the optimization problem
are defined by concatenating the previous ones with weight factors wi (table 5.9),
as follows

f1 =
3∑

i=1

wif
i
1 , f2 =

3∑
i=1

wif
i
2 (5.17)

Operating point Weight, wi

Best efficiency (BE), i=1 1.0
Part-Load (PL), i=2 0.1
Full-Load (FL), i=3 0.1

Table 5.9: Optimization of a Hydromatrixr Turbine: Operating point weights.

5.4.3 Results

As mentioned in the beginning of this section, this case is used to demonstrate
the advantages of the proposed use of PCA to drive the evolution operators,
namely the so-called MAEA(PCA) method. Therefore, two optimization runs
were performed using the conventional MAEA and the proposed MAEA(PCA).
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5.4 Optimization of a Hydromatrixr Turbine

In both runs, the population sizes were µ=30 and λ=90. In such a problem,
the quite high value of the offspring population λ was really necessary since the
blade shape parameterization and the bounds of the design variables may gener-
ate many infeasible solutions within the starting population. In more detail, for
both runs, 88 out of the 90 individuals in the first generation corresponded to
infeasible geometries and they all received death penalty. If all the initial gener-
ation members receive death penalty, then all of them get the same scalar cost
function Φ and this can lead to premature evolution stagnation, constantly gener-
ating infeasible solutions. The inexact pre-evaluation was adjusted to start after
the first 300 non-failed individuals entered the DB. Up to λe=18 top individuals
per generation were allowed to undergo re-evaluation on the CFD tool. Local
RBF networks were used as metamodels; each metamodel was trained on a few
previously evaluated individuals in its vicinity. Based on the algorithm presented
in (99), the designer defines the minimum (12) and maximum (16) number of
training patterns to be used. It is important to note that, due to the very strict
constraints, a great number of previously evaluated solutions which were given
“death penalty” were recorded in the DB. The presence of so many infeasible
entries in the DB can lead to a great number or infeasible entries included in the
metamodels training set. This should be avoided since it hinters the training of
dependable metamodels.

The application of the PCA-assisted evolution operators started at the 5th

generation. In fig. 5.43, the performance of MAEA and MAEA(PCA) are com-
pared using the hypervolume indicator.

MAEA(PCA) constantly finds a better front of non-dominated solutions dur-
ing the entire course of evolution. From a different point of view, the quality of
the front of non-dominated solutions obtained by MAEA after 2000 CFD-based
evaluations could be obtained by the MAEA(PCA) at less than half this CPU
cost.

The analysis of the non-dominated solution marked with A, fig. 5.44, follows.
Fig. 5.45 shows the computed Cp iso-areas at BE point, over the entire turbine
unit with its stator, rotor, hub and shroud.

The outlet flow quality of design A is presented in fig. 5.46, target distributions
are achieved as desired. Furthermore the Cp profiles at the blade hub, mid-span
and shroud locations, at the BE, PL and FL operating points are presented in
figs. 5.48, 5.47 and 5.49, respectively. The small pumping surface, due to the
propeller type of the turbine, inevitably makes its appearance at the PL point, as
expected. It is though kept as small as possible. The pumping surface spans from
the mid-span to the shroud as can be seen in fig. 5.47. In fact, a small pumping
surface is allowed at the PL point given that this is a non-regulated machine.

The pumping surface phenomenon and its cause is shown in fig. 5.50. Pumping
surface is the surface shown in dark blue color on the blades PS. This is caused
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Figure 5.43: Optimization of a Hydromatrixr Turbine: The evolution of the
hypervolume indicator for (a) the MAEA and (b) the MAEA(PCA) implementing
the PCA-assisted evolution operators. It is evident that, since the PCA–assisted
operators apply at the 5th generation, i.e. after about 4×90=360 evaluations based
on the CFD tool, the first parts of the two curves are identical.

by the negative incidence angle, which means that the flow meets the blade at
the SS just after the LE. This can be observed by comparing figs. 5.50, 5.52, and
5.51, for the PL, FL and BE operating points, respectively. The “best” incidence
angle is associated with the BE operating point. The FL operating point shows
a higher incidence angle than the BE, creating thus a lower pressure region near
the LE at the SS, as can be seen by comparing figs. 5.48 and 5.49. As mentioned
above, the PL operating point suffers from negative incidence angle, thus creating
of higher pressure region near the LE at the SS (compare figs. 5.47 and 5.48), the
so-called pumping surface phenomenon.
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Figure 5.44: Optimization of a Hydromatrixr Turbine: Comparison of the fronts
of non-dominated solutions computed using MAEA and MAEA(PCA), at the cost
of 2000 CFD–based evaluations. Abscissa and ordinate correspond to the two
objectives, as defined by eqs. 5.17.
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Figure 5.45: Optimization of a Hydromatrixr Turbine: Cp iso-areas for design
A, at the BE point.
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Figure 5.46: Optimization of a Hydromatrixr Turbine: meridional (Cm) and
peripheral (Cu) outlet velocity profiles for design A, at the BE point.
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Figure 5.47: Optimization of a Hydromatrixr Turbine: Cp profiles for the hub,
mid-span and shroud airfoils of design A operating at the PL point. The pressure
overshooting near the LE, on the SS, due to the negative incidence angle (fig. 5.50),
causes the so-called pumping surface phenomenon.
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Figure 5.48: Optimization of a Hydromatrixr Turbine: Cp profiles for the hub,
mid-span and shroud airfoils of design A operating at the BE point.
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Figure 5.49: Optimization of a Hydromatrixr Turbine: Cp profiles for the hub,
mid-span and shroud airfoils of design A operating at the FL operating point.
Compared to its operation at the BE point, there is a pronounced undershooting
close to the LE which can be explained by observing the flow incidence in fig. 5.52.
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Figure 5.50: Optimization of a Hydromatrixr Turbine: Computed iso-bar areas
for design A operating at the PL point. The water flow streamlines, near the shroud
region, reveal the negative local incidence angle (the flow meets the blade at the
SS), which causes the pumping surface phenomenon.
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Figure 5.51: Optimization of a Hydromatrixr Turbine: Computed iso-bar areas
for design A operating at the BE point. Water flow streamlines near the shroud
region lead to “better” flow incidence angle, compared with the PL operation.
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Figure 5.52: Optimization of a Hydromatrixr Turbine: Computed iso-bar areas
for design A operating at the FL point. Water flow streamlines of the reveal a
higher incidence angle than the BE, which causes a low pressure region near the
LE at the SS, fig. 5.49.
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6

Optimization of a Compressor
Annular Cascade

In this chapter, the design-optimization of a stationary compressor annular cas-
cade is presented. This case is used to assess the performance of the pro-
posed M(PCA)AEA(PCA), as described in Chapter 4, and compare it with
the MAEA developed in the framework of previous PhD theses (74, 92, 98) at
PCOpt/LTT/NTUA. The same optimization problem was studied in (92) and is
now revisited with the newly developed M(PCA)AEA(PCA).

The annular compressor annular cascade this chapter is dealing with has been
installed at LTT/NTUA where both measurements (41, 125) and CFD computa-
tions (145) have been performed in the past. The cascade geometry was designed
by SNECMA for investigating tip-clearance effects at high Mach numbers 1. This
geometry is considered to be the reference one, throughout this chapter.

The evaluation software solves the Navier-Stokes equations for compressible
flows through a time-marching, vertex-centered, finite volume method on unstruc-
tured hybrid grids. The aforementioned software was developed and validated at
PCOpt/LTT/NTUA (15, 92). The convection terms are discretized via the Roe
scheme (155). Second-order spatial accuracy is achieved through the MUSCL
interpolation (180) along with the van Leer–van Albada limiting function (179).

The Navier-Stokes solver employed the high-Reynolds variant of the Spalart-
Allmaras turbulence model (92). Since wall functions were used, the grid was
coarse enough, in order to reduce as much as possible the CPU cost per evaluation.
For all candidate blade shapes, grids of v 600.000 nodes were generated from
scratch, using an automated grid generation tool (92). In general, any of these
grids comprises v 225.000 tetrahedra, v 6.000 pyramids, v 200.000 prisms and

1Experimental measurements on this cascade were performed in the framework of the
project entitled “Advanced Civil Core Compressor Aerodynamics”, funded by the European
Commission, AER2-CT92-0039, 1/1/1993-30/9/1996.
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6. Optimization of a Compressor Annular Cascade

Figure 6.1: Optimization of a compressor annular cascade. Experimental set-up.

v 400.000 hexahedrals. The average distance of the first nodes off the wall was
v5× 10−5m and the total time of grid generation was v11 minutes on a modern
single-core processor.

At the inlet, total pressure and temperature profiles along with the radial
distributions of the peripheral and radial velocity flow angles were imposed as
boundary conditions. At the exit, the static pressure at the hub was imposed
and the pressure distribution over the exit plane was continuously updated by
means of the radial equilibrium equation. Each CFD evaluation was carried out in
parallel, by partitioning the unstructured grid into 8 equally-loaded sub-domains
with the minimum interface between them so as to minimize the communication
overhead. Running on an eight-core node the cost per CFD evaluation (excluding
grid generation) is approximately 1.2 hours.

6.1 Blade Shape Parameterization

Since the blade airfoil shape is identical along the spanwise direction, the param-
eterization of a single airfoil is enough for the entire blade shape. Non-Uniform-
Rational-B-Splines (NURBS) are used to control both airfoil sides. To parame-
terize the suction or the pressure side, 15 control points were used. Among them,
5 were free to change and, given that each control point has two degrees of free-
dom (its two coordinates), the number of design variables was 5×2 for the each
side, yielding thus 20 degrees of freedom in total, (92).
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Figure 6.2: Optimization of a compressor annular cascade. The cascade blades
are fixed at the shroud, forming the tip-clearance close to the stationary hub. Chord
is equal to C = 0.1m and tip-clearance height is equal to 0.02C

6.2 Case Presentation

The results of the two different optimization runs, with the same 20 design vari-
ables each are presented in order to demonstrate the gains offered by the use of the
methods proposed in Chapter 4. The first optimization run was carried out using
the “standard” MAEA (i.e. the one presented in previous PhD theses carried
out at PCOpt/LTT/NTUA, (92, 98)) with µ=20, λ=60 and λe =4. The IPE
phase started once the first 220 individuals were stored in the DB. Metamodels,
i.e. RBF networks, were trained on a number of already evaluated patterns which
varied between 20 and 30; all training patterns were defined in <20. The second
optimization was based on the proposed M(PCA)AEA(PCA) method, with the
same population sizes with the corresponding MAEA. In this run, RBF networks
were trained on a much smaller number of training patterns (between 5 and 8)
and all of the training patterns were defined in the <10 space. In this case, due
to the reduced dimension, the IPE phase started earlier, just after the first 150
individuals were stored in the DB.

6.2.1 Objectives and Constraints

The optimization problem was solved with a single objective, i.e. aiming at
the minimization of the spanwise-averaged pressure loss coefficient PLCav. The
PLCav value results from the averaging (in spanwise direction) of the PLC(r)
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Figure 6.3: Optimization of a compressor annular cascade. The 20 design vari-
ables used for the design-optimization of the compressor annular cascade airfoil,
(92). Boxes demonstrate the variable range for each design variable i.e. the space
that each free control point may lay in. NURBS control point without a corre-
sponding box are the (10 per side) fixed control points which are located at the
leading and trailing edge region.

distribution (computed at each radial position). The latter is defined as

PLC(r) =
pt,inl − pt(r)

pt,inl − pinl
(6.1)

Furthermore, the cascade to be designed must respect aerodynamic and geo-
metrical constraints. The aerodynamic one requires that the minimum average
outlet flow angle should not exceed 53o, namely α2 < 53o. The reference blade
of the compressor annular cascade installed at LTT/NTUA gives α2 = 52.12o.
Geometrical constraints were used to make the blade respect the desirable mini-
mum airfoil thickness at three positions, namely at 30%, 60% and 90% of chord.
The minimum allowed thickness values were set to the 90% of the corresponding
reference values.
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6.3 Results

6.3 Results

Fig. 6.5 demonstrates the evolution of the objective function (PLCav) values in
terms of the number of evaluations for the MAEA and M(PCA)AEA(PCA). In
fig. 6.4, the effects of the use of PCA during the metamodel training phase (earlier
start and higher accuracy) is shown. The use of PCA during the application of
the evolution operators further increases EA’s efficiency (fig. 6.5). With the help
of PCA, in order to guide both the metamodels and the evolution operators,
the M(PCA)AEA(PCA) reached the PLCav value of 0.104 at v 250 evaluations.
MAEA needed v 500 evaluations to reach the same level of PLCav.

0

10

20

30

40

50

60

150 200 250 300 350 400 450

R
B

F
E

rr
o
r 

(%
)

Evaluations

M(PCA)EA(PCA)
MAEA

Figure 6.4: Optimization of a compressor annular cascade. Comparison of
the metamodel (RBF) prediction error during the evolution, working either with
MAEA or M(PCA)AEA(PCA). Since, in M(PCA)AEA(PCA), metamodels start
being used earlier, the continuous line is shifted ahead.

The optimal airfoil shape computed using M(PCA)AEA(PCA) has PLCav =
0.104 and is shown in fig. 6.6. This design respects all geometrical and aerody-
namic constraints and its outlet flow angle is α2 = 52.6o

139



6. Optimization of a Compressor Annular Cascade

0.104

0.106

0.108

0.11

0.112

0.114

0.116

0 100 200 300 400 500

P
L
C

A
V

Evaluations

M(PCA)EA(PCA)
MAEA

Figure 6.5: Optimization of a compressor annular cascade. Comparison of the
performance of MAEA and M(PCA)AEA(PCA).
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6.3 Results

Figure 6.6: Optimization of a compressor annular cascade. The optimal blade
airfoil shape computed using the M(PCA)AEA(PCA) (continuous line), compared
with the reference one (dashed line).
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7

Conclusions - Future Work

This PhD thesis aimed at proposing, developing, applying and validating new
methods for upgrading Evolutionary Algorithms into design-optimization tools
with reasonable computing cost, capable to undertake large-scale industrial opti-
mization problems in the fields of thermal and hydraulic turbomachines. Through-
out this PhD thesis, the proposed methods have been validated, in some low-cost
mathematical optimization benchmarks, 2D compressor cascade designs and, fi-
nally, to the design of industrial 3D hydraulic turbines and a 3D compressor
cascade with tip-clearance installed at LTT/NTUA.

The contribution of the thesis can be summarized in the three innovative
methods listed below:

(a) The Knowledge-Based Design (KBD) method. KBD is a new design method
able to fully exploit a small number of available archived designs with good
performance in “similar” conditions. Combining ideas from the theory of
Knowledge-Based Systems (KBS) and EAs, KBD reduces significantly the
optimization turn-around time. This is achieved by replacing the standard
shape parameterization techniques, which often introduces a great number
of design variables, using the available archived designs as design space
basis vectors. In fact, KBD can be seen as a way to use the information
residing into a small number of archived designs, made available from similar
previous successful projects, so as to speed-up the optimization process.

(b) The use of the Principal Component Analysis (PCA) of promising/top in-
dividuals, dynamically updated in each generation, in order to identify di-
rections in the design space which are used to redefine the optimization
variables resulting in “better-posed” optimization problems. Here, the re-
definition of the optimization variables takes place by aligning each design
vector with the so-called Principal Directions (PDs) computed by PCA.
Then, the evolution operators are applied to the transformed optimization
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variables resulting in a more efficient search mechanism able to deal with
initially “ill-posed” problems.

(c) The use of PCA to make the use of metamodels in high-dimensional ill-
posed optimization problems profitable. This is a way to further improve
the MAEA efficiency by using the PCA of a small number of promising/top
individuals in order to associate each design variable (or design space co-
ordinate) with a degree of importance. It has been shown that MAEAs
benefit a lot from the importance-based ranking of the design space coor-
dinates, in order to overcome a well-known problem caused by the curse of
dimensionality. This problem is related to the fact that for the ANNs used
to approximate the cost of each new individual, any increase in the number
of their sensory units makes the use of more training patterns mandatory
and increases the training cost. Since the training patterns are selected
among the previously evaluated individuals during the EA, the need for
more training patterns means that the start of the IPE phase must be de-
layed. Additionally, each training becomes more costly, therefore, the gain
from replacing the CFD code by metamodels is expected to be lower or
almost zero. The proposed method is based on the selective truncation
of the ANN sensory nodes, by maintaining only the most important ones
according to the results of the PCA.

Using the proposed methods, the use of EAs to solve large-scale industrial ap-
plications (with a great number of design variables and non-separable objective
functions) in acceptable by industry turn-around times became possible. In exam-
ple, the overall design time (not only the optimization procedure) of a hydraulic
turbine was reduced more than 50%, namely from about 120 to 140 days to only
50. This, in turn, reduced significantly the overall cost of the design procedure
and, therefore, deemed the use of the designed models in sites with even lower
hydraulic height, H = 2, .., 5m, and volume flow rates lower than the previously
possible 60m3/s economically feasible. The availability of sites with the afore-
mentioned characteristics in Europe alone is approximately 6000GWh/year1.

The developed software is currently in use by Andritz-Hydro, one of the largest
worldwide companies in the field of hydroelectric power plants. The company
uses the developed software in a regular basis for the design of a wide range of
rotating parts of hydraulic machines including runners for Francis, Kaplan, Bulb,
Pump and Pump-Turbines. The developed software is also used by the same
company for the design of static parts, such as draft tubes and distributors. A

1According to “European Commission, Joint Research Centre, Institute for Energy, Energy
Systems Evaluation Unit, Petten, 13 of June 2007” in “Report on the Workshop on Hydropower
and Ocean Energy – Part II: Hydropower”.
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number of hydraulic machines, the design of which was based (among others) on
the methods proposed in this thesis are currently installed or are ready to be
installed, in various locations worldwide.

7.1 Future Work

Future research topics that could be considered as a sequel to this PhD thesis
are:

• Investigation regarding the presence of non-linear variable correlations in
ill-posed problems and ways to deal with them.

• The use of distributed EAs, based on clustering of the elite set and the
computation of different set of PDs per deme according to its elite set.

• EAs for solving optimization problems that suffer from high fatality 1. Dif-
ferent sets of evolution operators could be used during the first stages of
evolution in order to overcome this problem.

• Hybridization of EAs and gradient-based methods for use in the design
of hydraulic turbines. This could take place through hierarchical search
schemes using the adjoint variable method to compute the required gradi-
ents.

• Use ANNs in order to predict differences regarding the quality metrics be-
tween lower and higher levels of a hierarchical evaluation scheme and use
them to appropriately update the target distributions of the lower level.

• The use of EAs with adaptive populations size would offer additional ad-
vantages. The population could be varied in order to keep quantities such
as population-diversity constant.

7.2 Publications - Conference Presentations

Publications or conference presentations that took place during this PhD thesis
are listed below:

S. Erne, M. Lenarcic, S.A. Kyriacou. Shape Optimization of a Flows Around
Circular Diffuser in a Turbulent Incompressible Flow. ECCOMAS 2012
Congress, Vienna, Austria, September 10-14.

1Problems where a great portion of the design space accommodates infeasible solutions.

145



7. Conclusions - Future Work

K.C.Giannakoglou, V.G. Asouti, S.A. Kyriacou, X.S. Trompoukis: ‘Hierar-
chical, Metamodel–Assisted Evolutionary Algorithms, with Industrial Ap-
plications’, von Karman Institute Lectures Series on ‘Introduction to Op-
timization and Multidisciplinary Design in Aeronautics and Turbomachin-
ery’, May 7-11, 2012.

S.A. Kyriacou, S. Weissenberger and K.C. Giannakoglou. Design of a ma-
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Appendix A

Regulated Hydraulic Turbines

In order to increase the operational range of a hydraulic turbine in terms of
allowed flowrates Q and hydraulic heads H, the concept of regulation is frequently
used. A regulated hydraulic turbine is a turbine in which the stator or rotor or
both have adjustable blades. An adjustable blade can rotate around a predefined
axis by means of an appropriate mechanism.

A.1 Single-Regulated Turbines

Hydraulic turbines that have a single row of adjustable blades (usually the stator
blades) are called single-regulated turbines (fig. A.1). Typical examples of single-
regulated turbines are Francis turbines, axial fixed-blade propeller turbines with
adjustable stator blades and the so-called semi-Kaplan concept with fixed stator
and adjustable rotor blades, (43, 140). Though the rotation angle αj of the ad-
justable blades might be handled as one additional design variable per operating
point j, a different approach is proposed in this thesis.

Regarding its application to single-regulated turbines, the proposed method
has the advantage of: (a) removing the burden of computing the appropriate αj

angles by the EA and (b) eliminating the need to impose additional constraints in
order to ensure operation at the desirable operating points. Instead, through an
iterative procedure, it is sufficient to ensure that each candidate solution computes
the appropriate αj angles for operating at the desirable points. Quality metrics
are then computed and the evolution continues as presented in Chapter 5. To do
so, evaluation procedure is modified by including the computation of the right αj

value for each operating point j. In specific, for each candidate solution and for
each operating point:

Step 1: (Initialization)
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A. Regulated Hydraulic Turbines

Step 1a: (Initialize α) Sets the iteration counter to i = 0 and αi = α0,
where α0 a user-defined value.

Step 1b: (First Step) Sets i = 1 and ∆α = ∆α0, where ∆α0 the
user-defined increment and defines

α1 =

{
α0 −∆α0 , if (Q < Qrequired) or (H > Hrequired)
α0 +∆α0 , if (Q > Qrequired) or (H < Hrequired)

(A.1)

By definition, α = 0o corresponds to the fully open stator position.

Step 2: (Gradient Computation) Sets i = i + 1. Computes derivatives
∂(Q−Qrequired)

∂α
or ∂(H−Hrequired)

∂α
, depending on the boundary conditions em-

ployed in the flow solver. Finite-difference quotients such as the following

∂(Q−Qrequired)

∂α
=

(Qi−1 −Qrequired)− (Qi−2 −Qrequired)

αi−1 − αi−2

(A.2)

are used.

Step 3: (Update α) Based on the Newton-Raphson method, updates α as
follows

αi = αi−1 − η
Qi−1 −Qrequired

∂(Q−Qrequired)

∂α

(A.3)

where η is a user-defined relaxation factor.

Step 3: (Convergence Check) Stops if |Qi −Qrequired| < ∆Q∗, where ∆Q∗

a user-defined threshold value; otherwise, continues from step 2.

This algorithm can be scaled to any number of operating points, in case of
multi-operating point design problems.
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A.2 Double-Regulated Turbines

Figure A.1: Single-regulated (axial) turbine. The adjustable stator blades are
shown in grey whereas the non-adjustable rotor blades in blue.

A.2 Double-Regulated Turbines

Hydraulic turbines that have two rows of adjustable blades (rotor and stator,
fig. A.2) are called double-regulated turbines, (43, 140). A typical example is
the Kaplan turbine. In double-regulated turbines, the stator rotation angle is
denoted by α (in accordance with what was used before) and the rotor rotation
angle by β.

To handle the design of double-regulated turbines, the algorithm proposed for
the single-regulated ones to compute the αj angles is used. Over and above, the
introduction of βj, where j is the operating point counter, as additional design
variables takes place. Doing so, the EA overcomes the computation of the αj
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A. Regulated Hydraulic Turbines

Figure A.2: Double-regulated (Kaplan) turbine. In contrast to fig. A.1, the rotor
blades (in blue) are also adjustable.

angles (as for single-regulated turbines) and undertakes only the search for the
optimal βj angles so as to achieve best performance at each operating point.

150



Appendix B

Design of a Hydromatrixr:
Experimental Validation

In this Appendix, the experimental validation of a Hydromatrixr design, which
was carried out using the methods presented in this thesis, is presented. This
design was associated with the EU funded project “HYDROACTION – Devel-
opment and laboratory testing of improved action and Matrix hydro turbines
designed by advanced analysis and optimization tools” (FP7: Project Number
211983) in which both NTUA and Andritz-Hydro participated.

The design shown below refers to a Hydromatrixr hydraulic turbine which
must operate optimally at the three operating points of table B.1. The optimiza-
tion procedure used to generate the design under consideration is presented first.
Then, the experimental validation of the quality of the final design in terms of
efficiency is presented and the new design is compared with an existing/reference
one.

B.1 Optimization Procedure

The design variables are in accordance with the parameterization technique pre-
sented in Chapter 5. There are 52 design variables in total, used to describe the
rotor blade mean surface, its thickness distribution and the hub generatrix (table
5.7).

Three objectives are used: f1 is the outlet velocity profile metric M1, f2 is
the combination of the blade loading quality metric M2 and the cavitation index
σHist cast in a single objective and, finally, f3 coincides with the pumping surface
metric M3. By considering the three operating points, three objectives (f i

1, f
i
2, f

i
3)

for each operating point i are defined as follows,
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B. Design of a Hydromatrixr: Experimental Validation

Operating point NED QED

BE 0.97 0.62
PL 1.42 0.84
FL 0.92 0.6

Table B.1: Experimental validation of the design of a Hydromatrixr: The three
operating points.

f i
1 = αiM i

1 , f i
2 = βiM i

2 + γiσHist
i , f i

3 = δiM3i (B.1)

where αi, βi, γi and δi are given in table B.2

BE, i=1 PL, i=2 FL, i=3 Associated objective
αi (M1) 1.0 1.0 1.0 f1
βi (M2) 0.2 0.2 0.2 f2
γi (σHist

i ) 1.0 1.0 1.0 f2
δi (M3) 0.0 100.0 100.0 f3

Table B.2: Experimental validation of the design of a Hydromatrixr: Weights
associated with the grouping of quality-metrics into objectives.

Given the0 3×3=9 functions f i
j to be minimized, the three objective functions

handled by the EA are defined by multiplying the previous ones with weight
factors wi (table B.3) and summing them up as follows

f1 =
3∑

i=1

wif
i
1 , f2 =

3∑
i=1

wif
i
2 , f3 =

3∑
i=1

wif
i
3 (B.2)

Operating point Weight, wi

Best efficiency (BE), i=1 1.0
Part load (PL), i=2 0.1
Full load (FL), i=3 0.1

Table B.3: Experimental validation of the design of a Hydromatrixr: Operating
point weights.

The resulting front of non-dominated solutions computed at the cost of 2000
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B.1 Optimization Procedure

evaluations is presented in fig. B.1. Upgrading the cavitation index σHist from
constraint to objective allowed, at the cost of a single optimization run, to com-
pute a number of designs, each of them being optimal regarding different cavi-
tation safety requirements. It is reminded that a design can safely operate with
higher σHist, without suffering from cavitation, if placed at a greater depth. Also,
the Hydromatrixr turbines are usually placed in rows, one above the other, there-
fore the use of σHist as an objective gives the ability, with just a single run, to
have all turbines needed for the entire project designed.
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Figure B.1: Experimental validation of the design of a Hydromatrixr: The 3D
front of non-dominated solutions computed at the cost of 2000 evaluations and the
design selected to undergo construction and experimental validation. The 3D plot
and its projections onto the ((f2, f3), (f1, f3) and (f1, f2) planes) are shown.

For the experimental validation, a single design from the computed front of
non-dominated solutions was selected, manufactured and measured in test rig
L2b of Andritz Hydro GmbH in Linz, Austria (fig. B.4). The selected design is
compared, efficiency-wise, with a reference Hydromatrixr turbine designed to
operate at a “similar” operating region.
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B. Design of a Hydromatrixr: Experimental Validation

Before proceeding to the experimental validation, an analysis of the numerical
simulations performed for the selected design follows. In fig. B.2 (left), the high
loading quality of the selected design is demonstrated through the Cp chordwise
distribution (eq. 5.8) along the hub, mid-span and shroud. In fig. B.2 (right), the
excellent agreement of the outlet velocity profiles (Cm and Cu) with the desired
ones is presented. Furthermore, in fig. B.3, the Cp distributions demonstrate the
loading quality of the selected design when it operates at the FL and PL operating
points.
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Figure B.2: Experimental validation of the design of a Hydromatrixr: Left:
Computed Cp profiles at hub, mid-span and shroud for the selected design operating
at the BE point. Right: Computed Cm and Cu outlet velocity profiles for the
selected design, at the BE point.
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Figure B.3: Experimental validation of the design of a Hydromatrixr: Computed
Cp profiles at hub, mid-span and shroud for the selected design operating at the
FL point. Right: Computed Cp profiles at hub, mid-span and shroud for the same
design, at the PL point
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B.2 Experimental Validation

B.2 Experimental Validation

The experimental validation of the quality of the selected Hydromatrixr design
was performed at the test rig L2b (fig. B.4) which is specialized for Bulb, Straflo
and Hydromatrixr turbines. In L2b, three pumps are used to simulate the
desirable river flow (Q, H). The model turbine is installed between head- and
tail-water tanks.

The model head is regulated by the pump speed and the tail water elevation
by the pressure in the downstream tank. The latter is connected to a vacuum
vessel and compressed air. This allows varying the downstream tank pressure for
the simulation of the necessary cavitation conditions, while keeping the model
head constant. For the Hydromatrixr tests, a special inlet box to simulate the
river flow is required.

Figure B.4: Experimental validation of the design of a Hydromatrixr: General
layout of test rig L2b of Andritz-Hydro/Linz in the Hydromatrixr configuration.
L2b is operated as a closed loop and is able to perform a variety of tests in accor-
dance with international standards “IEC 60193” (173).
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B. Design of a Hydromatrixr: Experimental Validation

Regarding the torque measurement, a strain-gage equipped shaft, with its
signal being transmitted via a wireless telemetry system to the data acquisition
system is used. The model head (H) is computed from the static pressure dif-
ference between the head-water and tail-water tanks and the velocity difference
between the measurement sections (distributor cone inlet and draft tube out-
let). Volume flow rate Q is measured using an inductive discharge flowmeter;
rotational speed is measured using an incremental encoder with a resolution of
1024 impulses per revolution. All measuring instruments were calibrated either
by primary normals or by using calibration devices which are calibrated with a
primary normal. The runner blade geometry was checked with a 3D coordinate
measurement machine by an external company.
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Figure B.5: Experimental validation of the design of a Hydromatrixr: Rela-
tive efficiency ( η

max(η)) charts for the reference and the selected design. The se-
lected design, optimized using the proposed methods, outperforms the reference
one throughout the operating spectrum.

Efficiency (η) measurements were performed at the minimum model Reynolds
number of 4×106 and minimum specific hydraulic energy of 30J/kg, as indicated
in IEC 60193 (173). In order to acquire the efficiency curve, head and speed were
changing so as to make the speed factor NED vary too. The measured efficiency
of the selected design is shown, in comparison with a reference design, in fig. B.5.

The experimental validation showed that the methods proposed in this thesis
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B.2 Experimental Validation

deliver high quality designs, acceptable by industrial standards. Furthermore, the
overall design time reduced from approximately 120− 140 days to only 50. This
reduction in time and, therefore, resources, combined with the ability to treat
turbine parts, such the draft tube, as standardised components (merely requiring
their coupling properties) resulted in the reduction of the overall cost per unit to,
approximately, one third.

This cost reduction makes the use of this type of turbines, in power plants
with even lower H (below 5m, as low as 2m) and relatively small (smaller than
60m3/s) discharges, viable. The economic impact of this improvement can be
very important as the current estimations for the potential of sites in the range of
2 to 5m is approximately 6000 GWh per year in Europe alone1, a market worth
potentially more than a billion Euro per year.

1This figure was given by “European Commission, Joint Research Centre, Institute for
Energy, Energy Systems Evaluation Unit, Petten, 13 of June 2007” in “Report on the Workshop
on Hydropower and Ocean Energy – Part II: Hydropower”.
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[40] D.J. Doorly and J. Peiró. Supervised parallel genetic algorithms in aero-
dynamic optimisation. In 13th AIAA Computational Fluid Dynamics Con-
ference, Snowmass Village, CO, 1997. AIAA-1997-1852.

[41] A.F. Doukelis. Study of the flowfield in the tip clearance region of compres-
sor bladings. PhD thesis, Cranfield University, 1998.

[42] M. Drela and M.B. Giles. Viscous-inviscid analysis of transonic and low
Reynolds number airfoils. AIAA Journal, 25(10):1347–1355, 1987.

[43] P. Drtina and M. Sallaberger. Hydraulic turbines—basic principles and
state-of-the-art computational fluid dynamics applications. Proceedings of
the Institution of Mechanical Engineers, Part C: Journal of Mechanical
Engineering Science, 213(1):85–102, 1999.

[44] D. Eby, R. C. Averill, W. F. Punch III, and E. D. Goodman. Evaluation
of injection island GA performance on flywheel design optimization. In 3rd
Conference on Adaptive Computing in Design and Manufacturing, pages
121–136, Plymouth, 1998. Springer-Verlag.

[45] M.A. El-Beltagy, P.B. Nair, and A.J. Keane. Metamodeling techniques
for evolutionary optimization of computationally expensive problems:
Promises and limitations. In Genetic and Evolutionary Computation Con-
ference – GECCO, pages 196–203, San Fransisco, 1999.

[46] J. Elliott and J. Peraire. Aerodynamic design using unstructured meshes.
AIAA Paper 96-1941, 1996.

162



BIBLIOGRAPHY

[47] M. Emmerich, K.C. Giannakoglou, and B. Naujoks. Single- and multi-
objective evolutionary optimization assisted by Gaussian random field
metamodels. IEEE Transactions on Evolutionary Computation, 10(4):421–
439, 2006.
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