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Abstract 

In light of the growing EV penetration and the continuous enhancement of the 

available charging grid over the last decade, the integration of EVs into common routing 

problems has become an increasingly significant subject of research. Under proper EV 

charging and discharging management, present grid capacity can meet the energy needs of a 

significant number of EVs, directing the transporting industry towards a more sustainable 

future.  

In this thesis, we investigate a new routing problem, which incorporates limited 

battery capacity for electric vehicles, the ability to partially recharge at certain recharging 

stations and the possibility of vehicles performing multiple trips within a route. Aiming at 

illustrating industry-specific scenarios and addressing the need for practical solution 

approaches, we propose the electric vehicle routing problem with partial recharging and 

multiple trips (EVRP-PR-MT). In order to compete against benchmark optimal values, the 

study investigates different solution methods with a focus on meta-heuristics, which better 

apply to the complexity of EVRP problems. With respect to the EVRP-PR-MT, we formulate 

a local search (LS) meta-heuristic with intra- and inter-route moves and custom 

neighbourhood search heuristics regarding recharging stations. We tested our method against 

two EVRP benchmark sets of small- and large-scale problems accordingly and achieved 

higher than currently known optimum results on 75% of the instances while maintaining 

computational times 94% lower on average per instance. Additionally, the LS method 

managed to eliminate the need for one vehicle in two of the large-scale problems, while 

maintaining optimal values. 

All in all, this thesis presents a new flavour of the EVRP, which adapts to real-life 

constraints and outperforms current benchmarks in solution quality and efficiency. The 

EVRP-PR-MT could adapt to scenarios such as last-mile delivery in large city centres, where 

route efficiency and duration play a crucial role in the competency of logistic systems.  
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Σύνοψη 

Υπό το πρίσμα της αυξανόμενης διείσδυσης των ηλεκτρικών οχημάτων και της 

συνεχούς βελτίωσης του διαθέσιμου δικτύου φόρτισης κατά την τελευταία δεκαετία, η 

ενσωμάτωση των ηλεκτρικών οχημάτων σε κοινά προβλήματα δρομολόγησης έχει γίνει 

ολοένα και πιο σημαντικό αντικείμενο έρευνας. Υπό την κατάλληλη διαχείριση της 

φόρτισης και της εκφόρτισης των EV, η παρούσα χωρητικότητα του δικτύου μπορεί να 

καλύψει τις ενεργειακές ανάγκες σημαντικού αριθμού EV, κατευθύνοντας τη βιομηχανία 

μεταφορών προς ένα πιο βιώσιμο μέλλον. 

Στην παρούσα διατριβή, διερευνούμε ένα νέο πρόβλημα δρομολόγησης, το οποίο 

ενσωματώνει την περιορισμένη χωρητικότητα των μπαταριών των ηλεκτρικών οχημάτων, τη 

δυνατότητα μερικής επαναφόρτισης σε ορισμένους σταθμούς επαναφόρτισης και τη 

δυνατότητα των οχημάτων να εκτελούν πολλαπλές διαδρομές εντός μιας διαδρομής. 

Στοχεύοντας την αποτύπωση πρακτικών προβλημάτων της βιομηχανίας μεταφορών, 

προτείνουμε το πρόβλημα δρομολόγησης ηλεκτρικών οχημάτων με μερική επαναφόρτιση 

και πολλαπλές διαδρομές (EVRP-PR-MT). Προκειμένου να ανταγωνιστεί τις βέλτιστες τιμές 

αναφοράς, η μελέτη διερευνά διαφορετικές μεθόδους επίλυσης με έμφαση στις μετα-

ευρετικές μεθόδους, οι οποίες εφαρμόζονται καλύτερα στην πολυπλοκότητα των 

προβλημάτων EVRP.  Όσον αφορά το EVRP-PR-MT, διαμορφώνουμε μια μετα-ευρετική 

μέθοδο τοπικής αναζήτησης (Local Search) με ευρετικές μεθόδους εντός και μεταξύ των 

διαδρομών, προσαρμόζοντας παράλληλα ευρετικές μεθόδους αναζήτησης γειτονιάς 

(neighbourhood search heuristics) όσον αφορά τους σταθμούς επαναφόρτισης. Δοκιμάσαμε 

τη μέθοδό μας σε δύο σύνολα αναφοράς EVRP με προβλήματα μικρής και μεγάλης κλίμακας 

αντίστοιχα και επιτύχαμε υψηλότερα από τα γνωστά βέλτιστα αποτελέσματα στο 75% των 

περιπτώσεων, ενώ διατηρήσαμε υπολογιστικούς χρόνους 94% χαμηλότερους κατά μέσο όρο 

ανά περίπτωση. Επιπλέον, η μέθοδος LS κατάφερε να εξαλείψει την ανάγκη για ένα όχημα 

σε δύο από τα προβλήματα μεγάλης κλίμακας, διατηρώντας παράλληλα βέλτιστες τιμές.  

Συνολικά, η παρούσα διατριβή παρουσιάζει μια νέα εκδοχή της EVRP, η οποία 

προσαρμόζεται σε πραγματικούς περιορισμούς και ξεπερνά τα τρέχοντα benchmarks σε 

ποιότητα λύσεων και αποδοτικότητα. Το EVRP-PR-MT θα μπορούσε να προσαρμοστεί σε 

σενάρια όπως η παράδοση του τελευταίου χιλιομέτρου (last mile) σε μεγάλα αστικά κέντρα, 

όπου η αποδοτικότητα και η διάρκεια της διαδρομής παίζουν καθοριστικό ρόλο στην 

επάρκεια των συστημάτων logistics.



Diploma Thesis, Andreas Apollonas Koulopoulos 8 

Page intentionally left blank 



Diploma Thesis, Andreas Apollonas Koulopoulos 9 

Περίληψη 

Εισαγωγή 

Η τεχνολογική πρόοδος τις τελευταίες δεκαετίες είχε τεράστιο αντίκτυπο στην 

αποτελεσματικότητα των εφοδιαστικών αλυσίδων. Στη σημερινή ψηφιακή εποχή, το cloud 

computing και η αυτοματοποίηση επιτρέπουν στις εταιρείες να εκσυγχρονίσουν τις 

διαδικασίες της εφοδιαστικής αλυσίδας και να μειώσουν τα κόστη τους. Επιπλέον, η 

ρομποτική και η τεχνητή νοημοσύνη ενσωματώνονται στις λειτουργίες logistics, 

επιτρέποντας περαιτέρω ευκαιρίες βελτιστοποίησης και μεγαλύτερου ελέγχου 

Παράλληλα δεδομένης της κλιματικής ατζέντας, βλέπουμε το ενδιαφέρον να 

στρέφεται σε βιώσιμες εφοδιαστικές, οι οποίες περιλαμβάνουν την εφαρμογή ενεργειακά 

αποδοτικών πρακτικών και τεχνολογιών, τη χρήση βιώσιμων πόρων και υλικών, καθώς και 

τη χρήση ανανεώσιμων πηγών ενέργειας, τη μείωση των εκπομπών και αποβλήτων και τέλος 

τη βελτιστοποίηση των διαδρομών για τη μείωση της κατανάλωσης καυσίμων. 

Τέλος, οι εφοδιαστικές στον κόσμο σιγά σιγά αρχίζουν να μεταβαίνουν στην πέμπτη 

βιομηχανική επανάσταση, η οποία είναι μια στροφή προς ένα όλο και πιο ψηφιοποιημένο και 

διασυνδεδεμένο βιομηχανικό τοπίο. Χαρακτηρίζεται από εξελίξεις στην τεχνολογία, καθώς 

και από την εστίαση στη βιωσιμότητα και τις ανθρώπινες αξίες, θέλοντας να φτάσουμε όπως 

αναφέρει και ο Adel, 2022 σε ένα Κυβερνο-Φυσικό συνεργατικό περιβάλλον. To supply 

chain industry δεν παραμένει στάσιμο ως σημαντικός μοχλός μετασχηματισμού του κλάδου, 

παρατηρώντας αυξανόμενο ακαδημαϊκό αλλά και βιομηχανικό ενδιαφέρον. 

Ο ρόλος της διοίκησής εφοδιαστικής αλυσίδας λοιπόν είναι η βελτιστοποίηση των 

διαδικασιών της στο πρίσμα των τριών παραπάνω πυλώνων που προαναφερθήκαμε. 

Η διπλωματική αυτή καλείται να συνεισφέρει στην μετάβαση αυτή, συγκεκριμένα 

στο κομμάτι του routing ηλεκτρικών οχημάτων. Εξερευνήσαμε έτσι τα συστήματα 

δρομολόγησης ηλεκτρικών οχημάτων και προτείνουμε το πρόβλημα δρομολόγησης 

ηλεκτρικών οχημάτων με μερική φόρτιση και πολλαπλές διαδρομές  (EVRP-PR-MT) καθώς 

λαμβάνουν υπόψη ρεαλιστικούς περιορισμούς της εφοδιαστικής των EV, προγραμματίζουν 

την φόρτιση και αποφόρτιση των EVs από τη φάση του προγραμματισμού των διαδρομών 

και βελτιστοποιούν άμεσα τις διαδρομές ανά αριθμό οχημάτων. 
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Στόχος και Σκοπός  
 Ο στόχος αυτής της διπλωματικής είναι να αναπαραστήσουμε ένα πρόβλημα 

δρομολόγησης ηλεκτρικών οχημάτων το οποίο να προσομοιώνει ρεαλιστικά προβλήματα 

που συναντώνται στην βιομηχανία. Συγκεκριμένα στοχεύουμε να λύσουμε το πρόβλημα 

EVRP-PR-MT,  καθώς επίσης να συγκρίνουμε τα αποτελέσματά μας με benchmarks πάνω 

στα προβλήματα EVRP. 

Ο σκοπός μας είναι να μοντελοποιήσουμε το πρόβλημα EVRP-PR-MT και να 

προτείνουμε ανταγωνιστικές μεθόδους επίλυσης, δηλαδή θέλουμε η μέθοδος που θα 

αναπτύξουμε να βρίσκει όσο το δυνατόν περισσότερες βέλτιστες τιμές στα σετ των 

benchmarks και να το πετύχουμε αυτό σε γρήγορο, υπολογιστικά μιλώντας, χρόνο, καθώς 

ανταποκρίνεται σε ένα εταιρικό πλαίσιο σε ένα μέτριο υπολογιστικό setup και θα χρειαζόταν 

γρήγορα αποτελέσματα ώστε να ολοκληρωθεί το scheduling και planning phase.  

Μεθοδολογία Μελέτης Βιβλιογραφίας 

Η βιβλιογραφική έρευνα είναι η προκαταρκτική εργασία που απαιτείται για τον 

εντοπισμό και την ανάπτυξη μιας ιδέας για οποιαδήποτε έρευνα. Στην παρούσα μελέτη 

πραγματοποιήθηκε βιβλιογραφική έρευνα για να συγκεντρωθούν γνώσεις σχετικά με τα 

θέματα που παρατίθενται παρακάτω: 

• Να έχουμε μια καλή αντίληψη του προβλήματος δρομολόγησης οχημάτων και των

παραλλαγών του.

• Για να αποκτήσουμε μια καλή κατανόηση των περιπλοκών της δρομολόγησης

ηλεκτρικών οχημάτων του προβλήματος.

• Για να χαρτογραφήσουμε τις διάφορες εκδοχές του EVRP και να βρούμε το κενό στη

βιβλιογραφία όπου το δικό μας παραλλαγή θα μπορούσε να συμβάλει.

• Να αποκτήσουμε γνώση των πολλαπλών μεθόδων επίλυσης που έχουν αναπτυχθεί ή

χρησιμοποιηθεί για την αντιμετώπιση του VRP και του EVRP.

Πραγματοποιήθηκε αναζήτηση με λέξεις-κλειδιά στο Google Scholar, στο SCOPUS και 

στο Science Direct. Οι ακόλουθοι όροι αναζήτησης χρησιμοποιήθηκαν για την εύρεση όλων 

των άρθρων του καταλόγου των άρθρων για τη βιβλιογραφική ανασκόπηση: "VRP", 

"EVRP", "Savings heuristic", "Local Search", "Multi-trip", "ευρετικές τεχνικές βελτίωσης 

VRP", "μερική επαναφόρτιση". Όπως αναφέρθηκε προηγουμένως, το πρώτο κριτήριο 
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διαλογής της βιβλιογραφίας ήταν η ιστορική ιεραρχία και στη συνέχεια έγινε με βάση την 

ανάγνωση του τίτλου και της περίληψης κάθε άρθρου. 

Βιβλιογραφική Αναφορά 

 Ο γενικός στόχος του προβλήματος δρομολόγησης οχημάτων είναι η εύρεση της 

συντομότερης διαδρομής για πολλαπλών οχημάτων για την εξυπηρέτηση όλων των πελατών 

ενός δεδομένου συνόλου. Οι Dantzig και Ramser ήταν οι πρώτοι που εισήγαγαν το Πρόβλημα 

Δρομολόγησης Οχημάτων το 1959 ως Πρόβλημα Αποστολής Φορτηγών (Dantzig       & Ramser, 

1959), και από τότε, η παγκόσμια έρευνα συνεχίζει να παρουσιάζει διαφορετικές 

προσεγγίσεις στο για τον τρόπο επίλυσης του προβλήματος.   

Οι περιπτώσεις του VRP αποτελούνται από    πολλούς διαφορετικούς περιορισμούς, 

όπως η χωρητικότητα των οχημάτων, σχέσεις προτεραιότητας και χρονικά παράθυρα. Κατά 

συνέπεια, υπάρχουν πολλές παραλλαγές του VRP. Παρ' όλα αυτά, οι περισσότερες έρευνες 

έχουν επικεντρωθεί στο κλασικό VRP, έναν θεμελιώδη σκελετό του προβλήματος που μπορεί 

να διαμορφωθεί ώστε να ανταποκρίνεται σε πραγματικά σενάρια και επιχειρηματικές 

περιπτώσεις προσθέτοντας περιορισμούς.  

Συγκεκριμένα το variant Mutli-Trip VRP το οποίο υιοθετήσαμε σε αυτή τη 

διπλωματική, επιτρέπει σε ένα όχημα να εκτελέσει πολλαπλά ταξίδια σε μια διαδρομή, που 

σημαίνει ότι ενδιάμεσα στην διαδρομή του μπορεί να επιστρέψει στο depot για να κάνει 

restock ή να φορτίσει την μπαταρία του και έπειτα να συνεχίσει να εξυπηρετεί πελάτες. Το 

Multi Trip Vehicle Routing Problem, αναφέρεται πρώτη φορά στο άρθρο των Brandao & 

Mercer το 1998 οι οποίοι το επιλύσανε με την μέθοδο του Tabu Search πάνω σε benchmarks 

αλλά και σε ένα case study για την βρετανική εταιρία Burton’s Biscuits, στο οποίο κατάφεραν 

να μειώσουν τον συνολικό αριθμό του απαιτούμενου στόλου οχημάτων και το συνολικό 

κόστος διαδρομών. 

Δεδομένου των αυξανόμενων απαιτήσεων της βιομηχανίας και της αναλογικά 

αυξανόμενης υπολογιστικής δυσκολίας των εκκολαπτόμενων εκδοχών του VRP, τα τελευταία 

χρόνια ευρετικές και μετα-ευρετικές μέθοδοι έχουν μονοπωλήσει στην επίλυση των εκδοχών 

αυτών.  

Οι πρώτες μέθοδοι που χρησιμοποιήθηκαν ήταν οι ακριβείς μέθοδοι επίλυσης οι 

οποίες είχαν περιορισμένη ικανότητα επίλυσης προβλημάτων μεγάλων διαστάσεων σε 

αποδεκτούς χρόνους. Έτσι        η ακαδημαϊκή κοινότητα έστρεψε το ενδιαφέρον της προς τις 

ευρετικές μεθόδους, οι οποίες εν αντιθέσει με τις ακριβείς μεθόδους, ανταποκρίνονται 

αποδοτικότερα σε προβλήματα μεγαλύτερης κλίμακας.   
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Οι κλασικές ευρετικές μέθοδοι αποτελούνται από δύο φάσεις, πρώτα αυτή την δόμησης 

μιας εφικτής αρχικής λύσης και έπειτα της βελτίωσης αυτής. Η πιο γνωστή ευρετική μέθοδος 

δόμησης αρχικής λύσης είναι αυτή των Clarke & Wright, την οποία χρησιμοποιήσαμε σε 

αυτή τη διπλωματική και θα αναλύσουμε αργότερα.  

Οι μετα   -ευρετικές λύσεις διερευνούν το εύρος λύσεων σε μεγαλύτερο βάθος, και 

δέχεται χαμηλότερης ποιότητας ή ακόμη και μη εφικτές λύσεις με στόχο την αποφυγή τοπικών 

ελαχίστων. Σε αυτή τη διπλωματική χρησιμοποιούμε μια μετα-ευρετική μέθοδο τοπικής 

αναζήτησης, ή αλλιώς local search, η οποία λειτουργεί επαναληπτικά βελτιώνοντας την τελική 

λύση σε βάθος χρόνου χρησιμοποιώντας στρατηγικές διαταραχής της λύσης, γνωστές και ως 

τελεστές μετακίνησης. Αργότερα θα επεκταθούμε και συγκεκριμένα στους τελεστές αυτούς. 

Κάποιες άλλες μετα-ευρετικές μέθοδοι που χρησιμοποιούνται ευρέως σε εφαρμογές VRP είναι 

οι γενετικοί αλγόριθμοι, tabu search και η χρήση νευρονικών δικτύων. 

Η εισαγωγή για τα προβλήματα δρομολόγησης ηλεκτρικών οχημάτων έγινε από τους 

Erdogan & Miller-Hooks το 2012 σχετικά με οχήματα εναλλακτικών καυσίμων, οι οποίοι 

πρότειναν το Green-VRP. Οι    Schneider, Stenger & Goeke εξέδωσαν το 2014 ένα άρθρο 

όπου προσαρμόσανε στο EVRP τον περιορισμό των time-windows και δεν άργησε να 

αναδυθεί πληθώρα σύνθετων περιορισμών στα προβλήματα EVRP. 

Συγκεκριμένα το variant του EVRP with multiple trips το οποίο διαχειριζόμαστε σε 

αυτή τη διπλωματική, έχει διερευνηθεί ελάχιστα και ως επί το πλείστων πάνω σε 

συγκεκριμένες εφαρμογές που προσαρμόζονται σε ρεαλιστικά επιχειρησιακά δεδομένα. Η 

καθορισμού συνθετότερη φύση του EVRP σε σχέση με το VRP ώθησε την πλειοψηφία την 

έρευνας να χρησιμοποιήσει κατά βάση ευρετικές και μετα-ευρετικές μεθόδους. 

Κοιτάζοντας τη συνολική εικόνα της βιβλιογραφικής έρευνας που κάναμε, 

παρατηρήσαμε ότι τα άρθρα πάνω στα EVRP προβλήματα γρήγορα υιοθέτησαν τις διάφορες 

εκδοχές που είχαν αναπτυχθεί πάνω στα VRP, με αυξανόμενο ρυθμό κυρίως μετά το 2015, 

και ως επί το πλείστων αναφέρονται σε πρακτικά προβλήματα της βιομηχανίας, ή 

συγκεκριμένα case studies, το οποίο υποδεικνύει το ενδιαφέρον της βιομηχανίας μεταφορών 

προς την μετάβαση στην ηλεκτροκίνηση.  
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Αλγόριθμος 

Το EVRP-PR-MT ανήκει στα np-hard προβλήματα, οπότε στοχεύοντας να 

επιλύσουμε μεγάλης διάστασης προβλήματα σε ρεαλιστικούς χρόνους, χρησιμοποιούμε 

μετα-ευρετική μέθοδο δύο φάσεων. 

Ο αλγόριθμος που χρησιμοποιούμε αποτελείται από δύο φάσης: πρώτα την φάση της 

δόμηση μιας αρχικής εφικτής λύσης, χρησιμοποιώντας τον αλγόριθμο Parallel Savings των 

Clark & Wright, και τη φάση της βελτιστοποίησης, όπου χρησιμοποιούμε τον αλγόριθμο 

local search επαναλαμβάνοντας πολλαπλούς τελεστές μετακίνησης. 

Στην φάση δόμησης αρχικής λύσης, ο αλγόριθμος Parallel Savings αρχίζει 

αναθέτοντας μια διαδρομή σε κάθε πελάτη; έπειτα σε κάθε iteration επιλέγει την καλύτερη 

ζευγοποίηση διαδρομών ή πελατών, μέχρι να μην μπορεί να γίνει κάποιο merge λόγω των 

περιορισμών που έχουμε θέσει.  To κριτήριο ζευγοποίησης πελατών υπολογίζεται όπως 

φαίνεται εξίσωση 𝑠(𝑖, 𝑗) = 𝑑𝑜𝑖 + 𝑑𝑜𝑗 − 𝑑𝑖𝑗 και ονομάζεται τιμή απόσβεσης (savings value). Η

σειρά ζευγοποίησης γίνεται από τα ζευγάρια με υψηλότερη τιμή απόσβεσης προς αυτά με τη 

χαμηλότερη τιμή. 

H περιορισμοί που θέσαμε ώστε να έχουμε εφικτές αρχικές λύσεις είναι η 

χωρητικότητα του οχήματος, η μέγιστη απόσταση διαδρομής και προαιρετικά τον συνολικός 

χρόνος διαδρομής κάθε οχήματος. Με αυτόν τον τρόπου έχουμε μια αρχική λύση την οποία 

τροφοδοτούμε στην επόμενη φάση της βελτιστοποίησης. 

Στη φάση βελτιστοποίησης χρησιμοποιούμε τη μετα-ευρετική μέθοδο local search 

πατώντας πάνω στο μοντέλο που έχουν δημιουργήσει οι Rasku Kärkkälnen and Musliu το 

2019 για το CVRP πρόβλημα και μετατρέποντας το πάνω στο δικό μας EVRP-PR-MT. 

Ο αλγόριθμος local search λειτουργεί επαναληπτικά βελτιώνοντας την τελική λύση ανά 

αριθμό iterations, χρησιμοποιώντας στρατηγικές διαταραχής της λύσης, γνωστές και ως 

τελεστές μετακίνησης. Οι τελεστές μετακίνησης διερευνούν τοπικές λύσεις αλλάζοντας 

κομμάτια διαδρομών. Όταν μια τοπική λύση βρεθεί σε μία διαδρομή, ο αλγόριθμος την 

συγκρίνει είτε με αρχική λύση. Χρησιμοποιούμε δύο στρατηγικές, τις first-accept και best-

accept, οι οποίες αναφέρονται στο αν ο αλγόριθμος θα δεχθεί την πρώτη καλύτερη λύση που 

θα βρει, ή θα συνεχίσει την διερεύνηση γειτονιάς και θα δεχθεί την καλύτερη πιθανή λύση. 

Οι τελεστές κίνησης που χρησιμοποιήσαμε είναι ευρετικές μέθοδοι εντός μίας 

διαδρομής (intra-route), μεταξύ διαδρομών (inter-route), και τελεστές γειτονικής αναζήτησης 

όσων αφορά τους σταθμούς φόρτισης. 
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Οι ευρετικές μέθοδοι εντός μίας διαδρομής (   intra-route) που χρησιμοποιούμε είναι οι

2-opt move, 3-opt move, relocate move και 2-opt exchange. H 2-opt move εναλλάσσει 2

ακμές εντός μια διαδρομής, η 3-opt move βρίσκει καλύτερες λύσεις ενεργώντας πάνω σε 3 

ακμές εντός μιας διαδρομής. Στην intra-move relocate ένας πελάτης αλλάζει θέση εντός μιας 

διαδρομής. Η exchange move εναλλάσσει μέχρι k ακμές εντός μιας λύσης. Συνήθως λόγω 

υπολογιστικού φόρτου ο αριθμός k δεν ξεπερνάει τις 3 ή 4 ακμές. 

Οι ευρετι   κές μέθοδοι μεταξύ διαδρομών που χρησιμοποιήσαμε είναι οι 2-opt 

movement, 1-point move, 2-point move, insertion move, redistribute more, και chain 

exchange move. H inter-route 2-opt move, λειτουργεί με παρόμοιο τρόπο με την ομώνυμη 

intra-route με την διαφορά ότι εναλλάσσει 2 ακμές μεταξύ 2 διαδρομών. Η 1-point move 

μετακινεί ένα σημείο από μία διαδρομή σε μία άλλη. Η 2-point move μετακινεί μία ακμή (ή 

δύο σημεία) από μία διαδρομή σε μία άλλη. Η insertion move διερευνάει την προσθήκη ενός 

πελάτη, μιας λίστας πελατών ή και μιας διαδρομής σε μία διαφορετική διαδρομή. Πατάει 

πάνω στην διατάραξη της αρχικής λύσης και έπειτα επιλύει το routing πρόβλημα μέχρι να 

παράξει μια εφικτή λύση την οποία μετά συγκρίνει με την αρχική. Η inter-route redistribute 

move προσπαθεί να κατανέμει πελάτες από ένα route στα υπόλοιπα προσπαθόντας να 

μειώσει τον συνολικό αριθμό διαδρομών. Η chain exchange move μετακινεί ένα πελάτη από 

μία διαδρομή και αντικαθιστά έναν δεύτερο σε άλλη διαδρομή. Ο πελάτης που 

αντικαταστάθηκε ενδέχεται να προστεθεί σε τρίτη διαδρομή. 

Συνδυαστικά με τις intra- & inter-route ευρετικές, προσαρμόσαμε και δύο τελεστές 

αναζήτησης γειτονιάς για τους σταθμούς φόρτισης με βάση το μοντέλο των Keskin και 

Çatay, 2016. Το Worst Station Removal χρησιμοποιεί την μπαταρία όσο το δυνατόν 

περισσότερο πριν απαιτηθεί επαναφόρτιση και αυξάνει την αποτελεσματική χρήση των 

σταθμών. Εξαλείφει τους σταθμούς που επισκέπτονται τα EV με υψηλά επίπεδα φόρτισης, 

ταξινομώντας κατά φθίνουσα σειρά της στάθμης της μπαταρίας των EV που τους 

επισκέπτονται για επαναφόρτιση, και οι σταθμοί διαγράφονται ξεκινώντας από τον πρώτο 

σταθμό του καταλόγου. Πολλές φορές δημιουργούνται μη εφικτές λύσεις από αυτόν τον 

τελεστή, οπότε μετά ακολουθεί ο Greedy Station Insertion, ο οποίος εντοπίζει τον πρώτο 

πελάτη κατά μήκος της διαδρομής και εισάγει το "φθηνότερο" (συντομότερη απόσταση) 

σταθμό στην ακμή μεταξύ του εν λόγω πελάτη και του προηγούμενου πελάτη. Εάν αυτή η 

εισαγωγή αποτύχει, επιχειρείται η εισαγωγή στις προηγούμενες ακμές με τον ίδιο τρόπο. 

Από την σύντομη περιγραφή τους και μόνο, είναι ευδιάκριτο ότι οι παραπάνω 

ευρετικές μέθοδοι, απαιτούν αρκετή υπολογιστική ισχύ οπότε χρειάστηκε ο σχεδιασμός ενός 
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πειραματικού πλάνου, με στόχο να βρίσκουμε καλύτερα αποτελέσματα σε ρεαλιστικούς 

υπολογιστικούς χρόνους. 

Σχεδιασμός Πειραμάτων 

To software περιβάλλον στο οποίο τρέξαμε το μοντέλο μας είναι η τελευταία έκδοση 

της python. Χρησιμοποιήσαμε ένα laptop Macbook Pro 2019 με προδιαγραφές GPU: Intel 

Iris Plus 1.5 GB, CPU: Intel Core i5 2.4 GHz, RAM 8 GB.  

Καθώς το EVRP-PR-MT δεν έχει μοντελοποιηθεί σε προηγούμενες έρευνες, δεν 

υπάρχουν benchmarks για να δοκιμαστεί ο αλγόριθμός μας. Ως εκ τούτου, συγκρίνουμε τα 

αποτελέσματά μας με τα σημεία αναφοράς E-CVRP που δημιουργήθηκαν από τους 

Mavrovouniotis et al., (2020) για το 2020 IEEE Congress on Evolutionary Computation 

(CEC). Τα E-CVRP benchmarks αποτελούνται από δύο σετ προβλημάτων: Πρώτον, 6 

περιπτώσεις μικρής διάστασης και δεύτερον 18 περιπτώσεις μεγαλύτερων διαστάσεων. 

Στο διάγραμμα παρακάτω βλέπουμε τα προβλήματα μικρότερης κλίμακας, που περιέχουν 

περιπτώσεις από 21 μέχρι και 44 πελάτες, από 4 μέχρι 5 οχήματα και από 4 μέχρι 9 σταθμούς 

φόρτισης. Με C αναπαρίσταται η συνολική χωρητικότητα ανά όχημα, και με D τα 

χιλιόμετρα που μπορεί να εκτελέσει με μια πλήρη φόρτιση. 

Παρακάτω βλέπουμε τα προβλήματα μεγαλύτερων διαστάσεων με περιπτώσεις που φτάνουν 

μέχρι και 1000 πελάτες. Παρατηρούμε ότι υπάρχει μίγμα σταθμών φόρτισης από 4 μέχρι 13 

και αριθμός στόλου οχημάτων από 4 μέχρι και 207, αλλά και διακυμάνσεις στην 

χωρητικότητα και την μέγιστη απόσταση που μπορεί να διανύσει ένα πλήρως φορτισμένο 

όχημα.  
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Όπως προαναφέραμε, στόχος του αλγορίθμου που σχεδιάσαμε είναι να βρίσκει τις 

καλύτερες πιθανές λύσεις, ελαχιστοποιώντας τον υπολογιστικό χρόνο ανά instance. 

Παρατηρήσαμε σε πολλά τρεξίματα ότι ο αλγόριθμός μας κολλάει σε τοπικές βέλτιστες 

λύσεις, και για να το καταπολεμήσουμε δοκιμάσαμε διαφορετικές στρατηγικές εφαρμογής 

των τελεστών μετακίνησης όπως φαίνεται στα διαγράμματα στην διαφάνεια. 

Ουσιαστικά εναλλάσσουμε την σειρά εφαρμογής των τελεστών μέχρι να βρούμε 

βέλτιστη λύση ανά περίπτωση ανά instance, ή μέχρι να ξεπεράσουμε ένα χρονικό όριο (το 

οποίο αναφέρεται στον υπολογισμό της βέλτιστης λύσης που μας παρέχεται από τα 

benchmarks) όπου δεχόμαστε την καλύτερη λύση που μπορεί να παράγει ο αλγόριθμός μας 

σε αυτό το χρονικό διάστημα. 

Τρέχοντας διαφορετικούς συνδυασμούς ανά instance παρατηρήσαμε ότι η καλύτερη 

στρατηγική ανά μέσο όρο, αρχίζει εφαρμόζοντας διαταράσσοντας την αρχική λύση με το 

worst station removal, έπειτα εφαρμόζουμε εναλλάξ intra- και inter-route moves, μετά 

ελέγχουμε με το greedy station insertion ώστε να μην έχουν παραβιαστεί οι περιορισμοί 

φόρτισης και τελικά κάνουμε ένα refinement εφαρμόζοντας ξεχωριστά λίγα iterations από 

intra και inter-route moves.  
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Πειραματικά Αποτελέσματα 

 Παρακάτω παρουσιάζουμε κάποια από τα αποτελέσματά μας σε συνδυασμό με την 

απόδοση του αλγορίθμου τοπικής αναζήτησης σε σύγκριση με τα βέλτιστα δεδομένα. Με 

κόκκινο αναπαρίστανται τα nodes, το (0) είναι πάντα το depot και με μαύρο αστέρι 

διαγράφονται οι σταθμοί φόρτισης. 

Αρχικά βλέπουμε ένα παράδειγμα του multi trip element της μεθόδους μας, όπου 

το πράσινο όχημα, εκτελεί δύο διαδρομές, επιστρέφοντας ενδιάμεσα στο depot για restock.    

Επίσης στο συγκεκριμένο πρόβλημα επιτυγχάνουμε καλύτερη από την γνωστή βέλτιστη 

λύση κατά 1.3%. 

Θέλοντας να θίξουμε της σημασία της αισθητικής στην τελική λύση η οποία αποτελεί 

σημαντικό στοιχείο των διαδρομών όταν επιλύουμε πρακτικά προβλήματα και τα 

παρουσιάζουμε σε stakeholders της βιομηχανίας μεταφορών, παρουσιάζουμε παρακάτω το 

πρόβλημα της ομάδας Μ με διάσταση 110, το οποίο αποτελεί ένα τέλειο παράδειγμα intra-

route refinement, και επιβεβαιώνεται και οπτικά αλλά και ποιοτικά, επιτυγχάνοντας περίπου 

9% καλύτερη τελική λύση από την μέχρι τώρα γνωστή βέλτιστη. 
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Τέλος, στο επόμενο απεικονιζόμενο πρόβλημα παρουσιάζει ένα ενδιαφέρον 

χαρακτηριστικό της μεθόδου που αναπτύχθηκε, το οποίο είναι η μείωση του στόλου. Ενώ η 

περίπτωση X-n147-k7-s4 δημιουργήθηκε με 7 οχήματα που εξυπηρετούν 142 πελάτες με 

βέλτιστο συνολικό κόστος 17704, η μετα-ευρετική LS προτείνει μια λύση που χρησιμοποιεί 

6 οχήματα και επιτυγχάνει κόστος λύσης με περισσότερο από 5% καλύτερο αποτέλεσμα. 
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Στον παρακάτω εικονιζόμενο πίνακα βλέπουμε την απόδοση της μεθόδου μας για 

προβλήματα μικρής κλίμακας. 

Οι στήλες Optimal Cost και Optimal Time αναφέρονται στην απόδοση του 

αλγορίθμου που ανέπτυξε η ομάδα του Mavrovouniotis, κατά την δημιουργία των 

προαναφερθέντων benchmarks. Το Optimal Cost είναι η μέχρι τώρα γνωστή βέλτιστη λύση 

κάθε instance που βρέθηκε χρησιμοποιώντας δύο αλγορίθμους, έναν γραμμικού 

προγραμματισμού (linear programming), και μια μετα-ευρετική μέθοδο Βελτιστοποίηση 
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αποικίας μυρμηγκιών (Ant colony optimisation). Οι στήλη CPU time αναφέρεται στην 

απόδοση του αλγορίθμου που αναπτύχθηκε σε αυτή τη διπλωματική σε δευτερόλεπτα. 

Κλείνοντας με τα εισαγωγικά, στον πίνακα αυτόν παρατηρούμε ότι σε τέσσερις από 

τις έξι περιπτώσεις, πετύχαμε καλύτερη από τη γνωστή βέλτιστη λύση με μέση μείωση του 

συνολικού κόστους της λύσης κατά 1,7%. Ταυτόχρονα, ο χρόνος CPU της μεθόδου LS, σε 

όλες τις περιπτώσεις, είναι μικρότερος κατά 93% κατά μέσο όρο. Δεδομένου ότι η 

εγκατάστασή μας είναι λιγότερο αποδοτική από άποψη υπολογιστικής ισχύος καθώς τα 

βέλτιστα αποτελέσματα από την ομάδα του Mavrovouniotis βρέθηκαν με hardware 8-core 

CPU 3.4 GHz και 16GB RAM. Το ποσοστό αυτό αναδεικνύει την αποτελεσματικότητα της 

μεθόδου που αναπτύχθηκε στην παρούσα διπλωματική. 

Από την άλλη πλευρά, σε δύο από τις έξι περιπτώσεις, συγκεκριμένα σε E-n29-k4-s7 

και E-n60-k5-s9, δεν φτάσαμε στη γνωστή βέλτιστη τιμή, μένοντας πίσω κατά 5% περίπου. 

Σε αυτές τις περιπτώσεις, ο αλγόριθμος δεν είναι σε θέση να παράξει μια βέλτιστη λύση 

εντός του αποδεκτού χρονικού πλαισίου (όπως αναφέραμε στο κομμάτι του experimental 

design), επομένως μόνο οι λύσεις που λαμβάνονται εντός του εν λόγω εύρους 

παρουσιάζονται. 

Στον επόμενο πίνακα παρουσιάζουμε τα αποτελέσματα των περιπτώσεων μεγάλης 

κλίμακας. Εδώ μπορούμε να παρατηρήσουμε βελτιωμένη απόδοση, επιτυγχάνοντας 

υψηλότερα από τα γνωστά βέλτιστα αποτελέσματα στο 78% των περιπτώσεις με κατά μέσο 

όρο 4,5% καλύτερες λύσεις.  
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Όπως και με τις μικρής κλίμακας προβλήματα, παρατηρούμε πολύ καλούς χρόνους 

CPU κατά μέσο όρο 95% χαμηλότερα ανά instance. Σε αυτό το set προβλημάτων, 

αποφασίσαμε να διατηρήσουμε τις επαναλήψεις σε ένα ελάχιστο αριθμό, περίπου 1÷10, 

προκειμένου να αποφύγουμε τους υψηλούς υπολογιστικούς χρόνους. Συγκεκριμένα, στις 

περιπτώσεις με περισσότερους από 500 κόμβους, τρέξαμε τον αλγόριθμο τοπικής 

αναζήτησης για μία μόνο επανάληψη. Τα αποτελέσματα που προέκυψαν αναδεικνύουν την 

αποδοτικότητα του αλγορίθμου μας σε προβλήματα μεγάλης κλίμακας και ειδικότερα 

δίνεται έμφαση στην καλή ποιότητα της αρχικής λύσης που παράγεται από το construction 

phase. 

Γενικά είναι εμφανές ότι και στα δύο σετ προβλημάτων η μέθοδός μας έχει πετύχει 

πολύ χαμηλούς υπολογιστικούς χρόνους σε μια λιγότερο αποδοτική εγκατάσταση. 

Παράλληλα πετύχαμε και καλύτερες από τις βέλτιστες τιμές στο 75% των προβλημάτων. 

Διερευνώντας διαφορετικές στρατηγικές για να βρούμε βέλτιστες λύσεις σε όλα τα instances 

βρήκαμε δύο πιθανά εμπόδια: 

Πρώτον, προέκυψε ότι, λόγω της φύσης της μοντελοποίησης πολλαπλών διαδρομών, 

η μέθοδός μας χρησιμοποιεί μερικές φορές μία διαδρομή λιγότερη από την γνωστή βέλτιστη, 

η οποία ενσωματώνεται σε μια διαδρομή οχήματος. Αυτό συμβαίνει στην αρχική φάση 

κατασκευής της λύσης, η οποία αργότερα επιβαρύνει υπολογιστικά τη φάση 

βελτιστοποίησης για την επίτευξη του συνολικού βέλτιστου, και ο αλγόριθμος κολλάει σε 

τοπικά μέγιστα. Συγκεκριμένα, η αποτελεσματικότητα των inter-route moves είναι 

χαμηλότερη όταν υπάρχουν λιγότερες διαδρομές για να εφαρμοστούν και οι μετακινήσεις 

μεταξύ διαδρομών ευθύνονται για μεγαλύτερες μεταβολές στο συνολικό κόστος της λύσης. 

Το δεύτερο πρόβλημα που αντιμετωπίσαμε ήταν ότι η υπολογιστική δυσκολία κάθε 

προβλήματος δεν αυξανόταν εκθετικά λόγω της αύξησης της διάστασης του προβλήματος, 

αλλά λόγω της αύξηση του συνολικού αριθμού του στόλου οχημάτων. Συγκεκριμένα, σε 

περιπτώσεις με μεγάλο στόλο οχημάτων, έπρεπε να ελαχιστοποιήσουμε τις επαναλήψεις 

προκειμένου να παραμείνουμε εντός ενός λογικού χρονικού πλαισίου. Παρ' όλα αυτά, αυτό 

δεν οδήγησε σε αποτελέσματα χαμηλότερα από τα βέλτιστα στις περισσότερες των 

περιπτώσεων.  
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Συμπεράσματα 

Σε αυτή τη διπλωματική, παρουσιάζουμε μια νέα εκδοχή του προβλήματος 

δρομολόγησης οχημάτων που υπολογίζει διαδρομές ελάχιστης απόστασης για ηλεκτρικά 

οχήματα. Το πρόβλημα επιλύεται χρησιμοποιώντας ένα πλαίσιο τοπικής αναζήτησης μαζί με 

προσαρμοσμένες ευρετικές μεθόδους αναζήτησης γειτονιάς όσον αφορά τους σταθμούς 

επαναφόρτισης.  

Δοκιμάσαμε τα αποτελέσματα μας σε σύγκριση με E-CVRP benchmarks και τα 

αποτελέσματα είναι ενθαρρυντικά όσον αφορά την προσέγγισης της λύσης και την ποιότητά 

της. Στο 75% των προβλημάτων, καταφέραμε να επιτύχουμε καλύτερες από τις γνωστές 

βέλτιστες τιμές σε αναλογικά ελάχιστο χρόνο.  

Μετά από πολλά τρεξίματα, παρατηρήσαμε το πιο ενδιαφέρον στοιχείο της μεθόδου 

κατά την άποψή μου, όπου σε δύο περιπτώσεις ότι η μέθοδός μας επιτρέποντας στα οχήματα 

να εκτελούν πολλαπλές διαδρομές, ελαχιστοποιούσε την ανάγκη για τουλάχιστον ένα όχημα 

ανά πρόβλημα, το οποίο επιβεβαιώνει το αρχικό μας κίνητρο για την ανάπτυξη μιας μεθόδου 

που θα μπορούσε να προσαρμοστεί σε πραγματικές βιομηχανικούς περιορισμούς.  

Στο ίδιο πρίσμα, ο λόγος που τροποποιήσαμε τον αλγόριθμό ώστε να φορτίζει 

μερικώς ήταν για να ελαχιστοποιήσουμε όσο το δυνατόν περισσότερο τον συνολικό χρόνο 

διαδρομής. Τα δεδομένα συνολικού χρόνου ανά διαδρομή, επιλέξαμε να μην τα 

παρουσιάσουμε καθώς δεν μπορούμε να τα συγκρίνουμε με τα benchmarks για να 

σχολιάσουμε την αποτελεσματικότητά τους.  

Με βάση τα αποτελέσματα που παρουσιάζονται παραπάνω, μπορούμε να πούμε με 

βεβαιότητα ότι το EVRP-PR-MT μπορεί να προσαρμοστεί σε ειδικά προβλήματα του 

κλάδου, όπως η παράδοση τελευταίου χιλιομέτρου για δύο λόγους. Πρώτον, ελαχιστοποιεί 

τον στόλο των οχημάτων, ο οποίος στο πλαίσιο μιας 3PL εταιρείας που μεταβαίνει σε EV, θα 

σήμαινε χαμηλότερη αρχική επένδυση και αργότερα μικρότερο λειτουργικό κόστος. 

Παράλληλα, λαμβάνοντας υπόψη το διαθέσιμο δίκτυο σταθμών επαναφόρτισης στα 

περισσότερα αστικά κέντρα και την ολοένα αυξανόμενη ζήτησή, η δυνατότητα μερικής 

επαναφόρτισης μεταφράζεται σε εκ των προτέρων κράτηση στενών time-slot φόρτισης, 

γεγονός που θα βελτίωνε την αξιοπιστία των EVs ως μέσο μεταφοράς στο κέντρο της πόλης. 

Επιπλέον η συνολική μείωση της διάρκειας της διαδρομής, δίνει τη δυνατότητα για την 

εξυπηρέτηση περισσότερων πελατών σε μία μόνο βάρδια. 

Μεταβαίνοντας στις προτάσεις για περεταίρω έρευνα θεωρούμε σημαντικό να δοθεί 

έμφαση στους οδηγούς και στον προγραμματισμό των διαδρομών συμπεριλαμβανομένων 

των εργατοωρών (Goel A. & Gruhn V. , 2006). Με αυτό το σκεπτικό, κατά τη 
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μοντελοποίηση του αλγορίθμου μας, αναπτύξαμε ένα πρόσθετο περιορισμό που περιορίζει τη 

διάρκεια της διαδρομής, επιτρέποντας έναν πιθανό scheduling για τους οδηγούς του στόλου. 

Ωστόσο, κατά τη διάρκεια της φάσης βελτίωσης του αλγορίθμου, αυτός ο περιορισμός συχνά 

παραβιάζεται σε ελάχιστο βαθμό, επομένως δεν τον συμπεριλάβαμε στην τελική διατύπωση 

της λύσης. Παρ' όλα αυτά, πρόκειται για μια σημαντική προσθήκη που θα βελτίωνε τον 

ανταγωνιστικότητα του EVRP-PR-MT στις πρακτικές εφαρμογές του κλάδου των 

μεταφορών. 
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Introduction 

“In the past the man has been first; in the future the system must be first.” 

- Frederick Taylor

While in the dawn of Industry 5.0, the words of Frederick Taylor still echo in our ears 

creating a sense of fear and excitement, as the development of the “system” (Operations and 

Scientific Management) has reached an all-time high by utilising advanced technologies and 

leveraging disruptive crises (i.e., COVID-19). Now, “the man” finds himself in turmoil where 

advanced technology, with the use of Artificial Intelligence (AI) and Deep Learning, has 

emancipated him from being “the first” and fear prevails over the possible implications of 

such development. At the same time, the global industry continues to strive for optimisation 

and faster ways of satisfying the never-ending and highly-customized needs of the modern 

consumer, while of course reducing their environmental footprint. Thus, the focus is 

eventually turned over to “the man” again, with Industry 5.0 putting him at the centre of the 

value chain, while also using advanced AI and cognitive computing technologies to reach 

optimum results in a Cyber-Physical collaborative environment (Adel, 2022). Supply Chain 

Management, as an important driver of the industry’s transformation, doesn’t remain stagnant 

towards Industry 5.0 and attracts a lot of academic and industrial attention. 

In parallel, sustainability is becoming a global trend in industrial production. The 

transportation sector is a major contributor to greenhouse gas (GHG) emissions, accounting 

for approximately 20% of all carbon dioxide (CO2) emissions globally, and road 

transportation accounts for the large majority of those emissions (Albuquerque et al., 2020).  

A future in which fossil fuels are only fossils, and clean energy (electricity produced by 

renewable sources) powers the global grid, may seem impossible to grasp with our current 

efforts. Nevertheless, there have been steps towards this utopia, as in 2022 passenger electric 

cars are surging in popularity, estimated at 13% of new cars sold in 2022, and projected to 

reach up to 30% of vehicles sold globally by 2030 (International Energy Agency, 2022). At 

the same time, endeavours have been taken by regulators around the world to facilitate 

vehicle electrification for its ability to mitigate GHG emissions, promote sustainable ways of 

electricity generation, and reduce particulate matter pollution thus benefiting human health 

(Waraich et al., 2009). 
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1.1 Context and Problem Statement 

The main goal of Supply Chain Management is the optimisation of its operations, by 

beating the competition and providing better service at lower cost with a sustainability remit 

(Scott et al., 2011). Optimization is performed by solving complex computational problems, 

routing, and many other instances related to problem-solving (Deb, 2011). There are many 

ways to solve a problem that needs to be optimized, based on the type of problem. In this 

thesis, research is performed regarding the optimisation of the electric vehicle routing 

problem (EVRP), an extension of the vehicle routing problem (VRP). The main purpose of 

this problem is to design multiple routes with minimal delivery cost, serving a set of 

customers and operated by a fleet of Electric Vehicles (EVs). As the problem is an NP-hard 

problem, determining the perfectly optimal solution is difficult to obtain.  

In this thesis, we explore a delivery service system that employs an EV fleet to service 

consumers. We propose the Capacitated Electric Vehicle Routing Problem with Partial 

Recharging and Multiple Trips (EVRP-PR-MT), which a) take into account the real-life 

restrictions of commercial EV fleets and logistics; b) allows EVs to charge and discharge 

their batteries across the planning horizon and c) directly optimises the routes per the number 

of vehicles utilised. 
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1.2 Aim 

The aim of this thesis is to solve an Electric Vehicle Routing Problem with constraints 

that illustrate industry-specific scenarios. The modelling itself is not found in the available 

literature; thus, following the trend of research, focusing more on real-life cases, we aim at 

solving the EVRP-PR-MT, and testing its performance against common EVRP benchmarks. 

 

1.3 Objectives 

The main objective of this research is to develop a model for the EVRP-PR-MT and 

propose a solution method, able to compete with instances of common capacitated EVRP 

problems. The quality of our solution, measured as the comparison of our solution to the 

optimal solution provided by each instance, should at least be comparable to the quality of the 

known solution for the instance tested against. The computation time depends on the chosen 

instance but should remain at a reasonable range within each benchmark test.  

 

1.4 Thesis Outline 

The thesis is comprised of seven chapters: 

- Chapter 1 presents a brief introduction and a general outlook of the thesis. 

- Chapter 2 presents a formal introduction to Vehicle Routing Problem and its 

variants, and the solution methods found in the literature. 

- Chapter 3 describes the mathematical formulation of our problem and the 

proposed method for solving the EVRP-PR-MT. 

- Chapter 4 provides the research methodology and evaluates the design of the 

experimental process 

- Chapter 5 presents our solution results compared to EVRP instances and analyses 

the method’s performance 

- Chapter 6 comments on this thesis, its limitations and possible applications, as 

well as the role of this work as a stepping stone for future research  
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Literature Review 

In this chapter, we will give an overview of the literature about the VRP and its 

extensions. In Section 2.1, we start with a walkthrough of the literature research process, in 

Section 2.2 an introduction to VRP, in Section 2.3 we address the multiple variants of VRP, 

later in Section 2.4 we review the different solution methods that have been developed for 

solving VRPs and finally in Section 2.5 we dive into the EVRP problem and its 

characteristics. Last, in Section 2.6 we summarise the findings from the literature review. 

 

2.1 Literature Research Methodology 

The literature review is the preliminary work required to identify and develop an idea 

or concept for any research. A literature review was conducted in this study to gather 

knowledge on the issues listed below:  

• To have a good grasp of the vehicle routing problem and its variants. 

• To gain a good understanding of the intricacies of the electric vehicle routing 

problem. 

• To map the different flavours of EVRP and find the gap in literature where our 

variant could contribute. 

• To obtain knowledge of the multiple solving methods that have been 

developed or employed to tackle the VRP and the EVRP. 

  

2.1.1 Search Process 

A keyword search has been conducted on Google Scholar, SCOPUS and Science 

Direct. The following search terms were used to find all of the papers in the list of articles for 

the literature review: “VRP”, “EVRP”, “Savings heuristic”, “Local Search”, “Multi-trip”, 

“Improvement Heuristics VRP”, “Partial Recharging”. As mentioned earlier, the first 

screening criteria of the literature found was a historical hierarchy and later was done on the 

basis of reading the title and abstract of each article. 

 

2.1.2 Inclusion & Exclusion Criteria 

The following criteria were used as guidelines through the vast literature in order to 

filter related papers for our review: 

• Only articles on the topics of the TSP, VRP, VRP solutions methods, 

construction and optimisation heuristics were included in the review. 
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• Articles discussing relating variants to ours are selected by reading the title 

and abstract.  

• All articles included are in English, as it is the primary language used in this 

thesis, but articles in other languages were cited only to reference the 

existence of research on a specific variant of the VRP. 

• Only articles with full-text availability were included 

 

 

2.2 Vehicle Routing Problem 

 The general objective of the Vehicle Routing Problem is finding the shortest route for 

multiple vehicles to serve all customers of a given set. Dantzig and Ramser were the first to 

introduce The Vehicle Routing Problem in 1959 as The Truck Dispatching Problem (Dantzig 

& Ramser, 1959), and since then, global research keeps presenting different approaches on 

how to solve the problem. 

 VRP instances consist of many different constraints, such as vehicle capacity, 

precedence relations and time window. Consequently, many variants of the VRP exist. 

Nonetheless, most research has focused on the classic VRP, a fundamental skeleton of the 

problem that can be shaped to match real-life scenarios and business cases by adding 

constraints. 

 The following is a broad definition of VRP. Let 𝐺 = (𝑉, 𝐴) be an undirected graph 

where 𝑉 = {0, 1, . ..  , 𝑛} is the vertex set and 𝐴 = {(𝑖, 𝑗): 𝑖, 𝑗 ∈  𝑉, 𝑖  𝑗} is the arc set. Vertex 

0 symbolises the depot, which has 𝑘 vehicles of capacity 𝑄. Customers are represented by the 

other vertices. Every customer i ∈  𝑉 \ {0} has a positive demand, 𝑞𝑖  ≤  𝑄. On A, a cost 

matrix, 𝑐𝑖𝑗, is defined. The objective is to find a set of at most k vehicle routes that (i) start 

and terminate at the depot, (ii) each customer is only visited once by a single vehicle, (iii) 

each route's aggregated demand does not exceed Q, and (iv) the overall routing cost is 

reduced. 



Chapter 2. Literature Review 

Diploma Thesis, Andreas Apollonas Koulopoulos 31 

 

Figure 0.1 A VRP instance, and the suggested solution 

 

Lenstra & Kan, 1981, first classified the VRPs as NP-hard problems, which means 

that each time we are adding new nodes, i.e., customers, results in an exponential increase in 

computational complexity.  

 

2.2.1 VRP Notation 

Let's go through our notation and its real-world interpretation. 

• 𝐺 =  (𝑉, 𝐴) is a complete undirected graph  

– Network of routes  

• 𝑣0 is the starting node  

– Representing a depot  

• 𝑉′
 

=  (𝑣1 , .  .  .  , 𝑣𝑛) nodes except the initial node  

– Locations of customers  

• 𝐴 =  {(𝑖 , 𝑗) ∶  𝑖 , 𝑗 ∈  𝑉, 𝑖  𝑗}  with associated weight as a cost 𝑐 ∶  𝐴 → 𝑁+ 

– A single route between two points bearing a cost, such as distance. 

• 𝐶  is a matrix of edge weights indexed by nodes 𝑐𝑖𝑗 where 𝑖, 𝑗 ∈  𝑉  

– Matrix of costs between customers  

• 𝑅𝑖  ⊂  𝑉 is a path that starts and ends at 𝑣0 

– Route visits a subset of customers starting and ending at the depot, it can be referred 

to it as a delivery plan.  

• k number of paths 

– Number of vehicles  
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• 𝑅 = { 𝑅1 , .  .  .   , 𝑅𝑘} is a set of paths 

– All routes (delivery plans) for a curtain VRP instance.  

• 𝜋 = {𝜋1, .  .  .   , 𝜋𝑘} solution for a given instance of VRP. 

– Customer locations in series of visits for numerous vehicles.  

The total cost of the route Ri that we intend to optimize is the sum of its weights (costs).  

𝐶(𝑅𝑖) ≔ ∑ 𝑐𝑟𝑘,𝑟𝑘+1

|𝑅𝑖|

𝑘=0

 

The VRP solution's overall cost is the sum of each route cost. 

𝐶(𝑅) ≔ ∑ 𝐶(𝑅𝑖)

|𝑅𝑖|

𝑖=1
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2.3 VRP Variants 

The VRP model is broadly applied in the global transportation industry and supply 

chain management, and different variants were further investigated since its dawn to better 

adapt to the specialised needs of each application. Specifically, the VRP was enriched by 

considering customer characteristics, service quality, system stochasticity, fleet 

heterogeneity, environmental and energy issues etc. All flavours of VRP can be mutually 

combined, which is usually the case found in the literature.  

 

 

Figure 0.2 Taxonomy of VRPs 

 

2.3.1 Capacitated Vehicle Routing Problem 

The Capacitated VRP (CVRP) is an extension of the regular VRP model, by 

introducing a capacity element for each customer, while the cargo capacity of a single vehicle 

is assumed to be much smaller than the total customer demands. In the literature, it is often 

referred to as demand. The customer's demand is represented by 𝑑 ∈ 𝑁+, which might reflect 

capacity in the form of weight, size, or abstract ideas like a box of products. Furthermore, 

each vehicle has a specified capacity 𝑄 >  0.  

The CVRP extends the solution feasibility formula by the following capacity 

constraint.   

𝑞(𝑅) ≔ ∑ 𝑑𝑖𝑖𝑅   𝑄       (1.3) 
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If the vehicle capacity of the fleet stays the same, we are dealing with CVRP with a 

homogeneous fleet. A fleet with varying capacities for each vehicle is a heterogeneous fleet.  

 

2.3.2 Vehicle Routing Problem with Time Windows 

Robert A. Russell, 1977 was the first to propose an extension to the set of constraints 

about time intervals in which individual customers should be visited. Customers have 

assigned time window intervals [𝑒𝑖 , 𝑙𝑖] where 𝑒𝑖 < 𝑙𝑖. The time interval equals to the time 

period in which a vehicle should visit the node. 

The time window can be implemented as either a hard or soft restriction (Sanghavi et 

al., 2007). A hard constraint requires the vehicle to visit the node, i.e., the customer, within 

the time frame specified, or else the solution is not feasible. A hard constraint requires the 

vehicle to visit the node, i.e., the customer, within the time frame specified, or else the 

solution is not feasible. Soft restrictions do not absolutely compel the vehicle to visit the 

customer, but they do impose a penalty for a missed period in the form of a penalty fee. The 

penalty is incorporated into the cost function, which VRP seeks to decrease (Russell & 

Urban, 2008). 

 

2.3.3 Pick and Deliver 

The Pick and Deliver Problem (PDP) extends the ordinary VRP by combining pick 

and drop with precedence relationships, where the pickup point must come before the 

associated delivery location. This kind of VRP is one of the most complicated, posing a 

challenge to traditional approaches such as optimization heuristic algorithms. The viability of 

a PDP solution is evaluated by determining if all delivery locations were visited before the 

pickup point (Dumas et al., 1991). 

 

2.3.4 Static & Dynamic VRP 

When solving the vehicle routing problem, we normally assume that all the input data 

is static and definite. However, in real-world applications, data such as customer demand or 

travel time are frequently incomplete or inaccurate throughout the planning phase and are 

only progressively discovered and described. 

Static VRP considers the input data constant. The dynamic VRP is aware of 

information evolution (Psaraftis, 1980), and its purpose is to develop a resilient routing 

planner capable of solving previously encountered instances subject to minor modifications 

without having to recalculate the entire instance. After solving a certain instance of a 
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combinatorial optimization problem, it becomes necessary to repeatedly solve many other 

instances with minor variations from the original instance but without revisiting the entire 

problem (Bertsimas et al., 1990). 

 

2.3.5 Deterministic & Stochastic VRP 

A VRP is considered stochastic (Laporte & Gendreau, 1996), when part of the data 

act as random variables, and the routes should be designed before the values of these random 

variables become known. We can extract some hidden information from the probability 

distribution of the random variables and utilize it to our advantage in the planning process. 

Because stochastic information is part of the cost function, the newly produced plans will 

include stochastic information, and the routing decisions may result in different conclusions. 

On the contrary, deterministic VRP contains no random information that may be used before 

route execution, and all provided information is known with certainty. 

 

2.3.6 Multi-Trip VRP 

Multi-Trip VRP is a variation in which vehicles can make several trips that start and 

end at the same depot (Fermín Cueto et al., 2021). In the context of the multi-trip element of 

the problem, we use the term trip to refer to an instance when a specific vehicle leaves the 

depot to visit customers and returns. The term route, on the other hand, refers to the actual 

path that a vehicle takes throughout a trip. 

This is a variant that popped out of an empirical case study that Brandão & Mercer, 

(1998) did for Burton’s Biscuits Ltd, where their simulation showed that by introducing a 

second trip for vehicles returning in less than 7 hours, “the number of vehicles could be 

reduced from 21 to 19 and the unit cost of the deliveries was 5% less”. The study uses the 

nearest neighbour insertion procedure to construct the initial route and applies Tabu search 

with insertion and swap moves. 

Petch & Salhi noted in a 2003 article that permitting multi-trips saves companies 

money on all transportation expenditures. They also emphasize that Multi-Trip VRP may be 

useful for both tactical and strategic planning, and they hope to get strategic planning insights 

as a result (Petch & Salhi, 2003). Their solution approach is composed of a multi-phase 

construction heuristic composed by Yellow’s savings algorithm (Yellow, 1970) phase, a 

phase of improvement heuristics and a final tour partition approach where available trips are 

partitioned into small feasible trips using a geographical “route codification”. After obtaining 
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the new solution population, the search is reverted to the previous phase in order to enhance 

the available solutions. 

In the last decade, as research is focused more and more towards real-life cases, we 

see a plethora of studies where multi-trip VRPs are implemented and solved with advanced 

heuristics such as local search, adaptive large neighbourhood search and genetic algorithms 

(Babaee Tirkolaee et al., 2019; Cattaruzza et al., 2014; Grangier et al., 2016).  

In this thesis we allow vehicles to end the route and return to the depot, as it allows us 

to introduce more restrictions and better portray a real-life problem, while still receiving 

competitive results. In this research the reasons why a route could be broken into two could 

be for recharging purposes, reloading/restocking the vehicle and incorporating shorter trip 

durations that could help in the strategic planning of the drivers’ schedule. 

 

2.3.7 Other VRP variants 

Stein (1978) proposed the Dial-a-Ride (DARP), which is a special case of dynamic 

VRP with pick and deliver. Passengers request a ride with an origin and drop location, as well 

as an optional time window. 

Split Delivery VRP is a variation in which customers can be visited more than once. 

This might be useful for large-capacity deliveries or stocking fulfilment centres (Dror & 

Trudeau, 1989). 

Multi Depot VRP is a simplified version of the vehicle routing problem with PDP, 

where pick can only take place at designated depot sites. Because of this, Multi Depot VRPs 

are less complicated than the vehicle routing problem with pick and deliver. 
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2.4 Solution Methods 

The classic VRP and its derivatives have been proven to be NP-hard problems. Over 

the last few decades, significant scientific efforts have been undertaken to overcome these 

solving difficulties. In general, there are four types of solution techniques: exact methods, 

classical heuristics, meta-heuristics and reinforcement learning based approaches. Exact 

algorithms were the first to solve VRPs and are known to solve the issue optimally. However, 

since exact optimisation employs enumeration, it converges slowly and is unable to handle 

problems of reasonable sizes with a consistent success rate in a reasonable amount of time. 

The most popular exact algorithms can tackle problems with up to 100 vertices (Baldacci et 

al., 2008), although real instances frequently exceed this size. Therefore, research has focused 

on heuristics (Laporte, 2007). When opposed to exact methods, approximate heuristics are 

more suited for very large-scale routing problems. Heuristics are also easy to modify (i.e., by 

adding limitations), which is necessary for realistic conditions. Simple heuristics include both 

route construction and improvement approaches that grow the route one node at a time until a 

full route is produced while simultaneously attempting to enhance the solution for a more 

efficient global optimum. Meta-heuristics identify their first solution and then look for a 

better global optimum solution. 

 

2.4.1 Exact Algorithms 

Although there are exact methods to solve the VRP, they have a limited ability to 

handle instances of larger sizes in reality. The three primary approaches in this area are direct 

tree search methods, dynamic programming, and integer linear programming. 

 

Direct tree search 

Direct tree search techniques solve the VRP by generating routes progressively using 

a branch and bound tree. Their algorithm reformats arcs with branches; branches are formed 

by including or omitting an arc from the solution (Christofides & Eilon, 1969). As a result, 

broad search trees with minimal depth are produced. These algorithms could only solve 

simple or small instances. The addition of two approaches capable of obtaining sharp lower 

limits (Christofides N. et al., 1981) significantly improved the efficiency of these algorithms. 
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Dynamic programming 

An optimization technique called dynamic programming (DP) segregates complicated 

problems into several smaller problems. At each level, a piece of the partial solution is added 

as these subproblems are solved. The DP method produces an optimum solution for the 

original problem when an optimal solution to a (sub)problem can be identified exclusively 

based on the optimal solutions of its subproblems. This is called the Principle of Optimality 

(van Hoorn, 2016). 

 

Integer linear programming 

Numerous approaches fall into this category as a result of the fact that the majority of 

research on exact algorithms for the VRP has been conducted in the area of integer linear 

programming (Laporte et al., 1984). Among integer linear programming techniques, vehicle 

flow formulations are by far the most frequently employed. 

 

2.4.2 Classic heuristics 

Construction heuristics and improvement heuristics are two forms of classic 

heuristics. The primary distinction between these two is that improvement heuristics begin 

with a feasible solution that they seek to enhance, whereas construction heuristics do not. 

 

 

Figure 0.3 A sweep algorithm example 

 

Construction heuristics 

The most well-known construction heuristic for solving a VRP is the savings method 

proposed by Clarke & Wright in 1964. The fundamental idea is to merge routes based on the 
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cost reductions that result from this process. Initial routes are established from the depot to 

the customer and back. The method then computes the potential savings 𝑠𝑖𝑗 = 𝑐0𝑖 + 𝑐0𝑗 − 𝑐𝑖𝑗 

by adding the arcs (𝑖, 0) and (𝑗, 0) and eliminating the arc (𝑖, 𝑗), if this results in a positive 

saving and a feasible merged route. The combination that has the highest savings is then 

implemented. This approach is repeated until no further profitable and feasible savings are 

attainable.   

To initialize our solution in this thesis, we implement a savings heuristic variation 

(Section 3.3.1), with added restrictions for maximum energy capacity and maximum route 

duration, to generate a solution that could be easily adapted to industry-specific problems, 

such as driver work schedules.  

 

Improvement heuristics 

Improvement heuristics begin with a feasible path. Afterwards, they aim to improve 

the route by making either intra-route or inter-route improvements. Inter-route heuristics 

move one or more consumers between routes, whereas intra-route heuristics move one or 

more customers inside a route. 

The 2-opt heuristic, which Croes (1958) first described, is an intra-route optimization 

technique that offers a 2-optimal route; one that cannot be improved by swapping two arcs. 

To achieve this, crossings (arcs that overlap) are removed from the routes since crossings are 

never the best option in a traditional VRP with a symmetric cost matrix. However, the 

optimum route could involve crossings in other VRP variations due to limitations like time 

constraints. Similar techniques include Or-opt (Or, 1976), which involves moving a string of 

vertices in a row while maintaining the orientation of the original path.  

Several alternative inter-route improvement heuristics, such as ejection chains 

(Glover, 1992), λ-interchange (Osman, 1993), and CROSS (Taillard et al., 1997), have been 

developed. 

In this thesis, a set of improvement heuristics are being used in combination with 

neighbourhood-search operators to reach the optimum (Section 3.3.2). 
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2.4.3 Meta-heuristics 

Meta-heuristics explores the solution space significantly more thoroughly than 

standard heuristics. In meta-heuristics, inferior or infeasible motions can also be accepted to 

escape from local minima. This field is divided into three categories: local search, population 

search, and neural networks. 

 

Local Search 

Local search metaheuristics work within a single-point-based search framework, with 

the goal of iteratively improving a solution in hand over time with respect to a single 

objective by employing solution perturbation strategies known as move operators and move 

acceptance methods that begin with an initially generated solution (Jackson et al., 2018). In 

this thesis, we use the local search meta-heuristic built by Rasku, Kärkkälnen and Musliu 

(2019), and customized it to meet the requirements of EVRP with Partial Recharging and 

Multiple Trips, while also adding inter-route and intra-route moves and recharging station 

(RS) removal and insertion operators. 

Tabu search (TS) is a local metaheuristic search method that is widely utilized in 

mathematical optimization. Local search algorithms are frequently trapped in suboptimal 

areas. TS improves the performance of these approaches by forbidding previously visited 

solutions or others by user-defined restrictions. Taillard et al. (1997), who worked on a TS 

heuristic for VRP with time-windows, introduced the core concept of tabu search. A 

neighbourhood of the present solution is generated in the TS by an exchange mechanism that 

swaps customer sequences between two routes. 

 

Population Search 

Population search methods simulate natural selection (i.e., genetic algorithms). 

Mutating the attributes of candidate solutions from a population of solutions causes the 

population to progress towards a new generation of presumably better solutions. As 

mentioned by Mester & Bräysy, 2007 and Vidal et al., 2014, genetic algorithms are 

frequently combined with local search. 

A lot of attention has been towards Ant Colony Optimisation (ACO) for solving 

VRPs. ACO illustrates the behaviour of real ants along with enhanced abilities such as 

memory of past occurrences and knowledge about the distance to other locations (Bell & 

McMullen, 2004). Basically, edges that occur frequently in good solutions are remembered as 

good edges and are more likely to be used in later solutions. The first attempts to implement 
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ACO to the travelling salesman problem (TSP) were done by Colorni, Dorigo and Maniezzo, 

(1991), and later it was extended to the VRP, (Bullnheimer et al., 1999) showing promising 

results. This led to ant colony optimisation methods being implemented for many variants of 

the classical VRP (Corne et al., 1999). 

 

Neural Networks 

Neural networks operate in a manner that is similar to organic neural systems like the 

brain. When it comes to vehicle routing, this idea has only attracted little attention, but over 

the last decade, with the aid of deep learning techniques and other heuristics, its popularity 

has dramatically increased. (Nazari et al., 2018) (Amir et al., 2013) (Chen et al., 2020). This 

line of research finds a lot of stepping ground towards industry-specific problems where, 

instead of the objective function, there are multiple other parameters and preferences 

ingrained in the years-long experience of the route planners and the drivers.  

“Drivers, for instance, have familiarity with certain neighbourhoods and knowledge of the 

state of roads, and often consider the best places for rest and lunch breaks. This knowledge is 

difficult to formulate and balance when operational routing decisions have to be made”. 

(Mandi et al., 2021) 

Such and other examples are pointing out the need of incorporating past solutions into 

the planning process and later in the optimisation phase. 
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2.5 Electric Vehicle Routing Problem 

The electric vehicle routing problem (EVRP) followed the green vehicle routing 

problem proposed by Erdoĝan & Miller-Hooks, (2012) for alternative fuel vehicles, as a 

particular variant, which was one of the first studies to present recharging stations as 

dedicated points. These points have to be visited to extend the vehicle’s driving range. As 

previously stated, the G-VRP fleet is made up of alternative fuel vehicles, with the objective 

of minimizing the total distance travelled. The authors follow a complete refuelling policy. 

The Modified Clarke and Wright Savings heuristic and the Density-Based Clustering 

Algorithm are introduced as constructive heuristics.  

Schneider et al., 2014 proposed the electric vehicle routing problem with time 

windows (EVRPTW) by expanding the framework specifically for electric vehicles. They 

make the assumption of a linear charging time, dependent on the EV's battery level when 

they arrive at the stations, rather than Erdoĝan & Miller-Hooks, (2012) who use a constant 

replenishing time. A similar model has been implemented in this thesis, incorporating a 

partial charge policy which reduces delays in the total route duration.  

Researchers began to examine the topic under more complex modelling for EV 

batteries beginning with J. Lin et al., (2016). They suggest a framework for the EVRP that 

considers the effects of EV load, speed, and battery charging speed on battery usage, diverse 

fleet, cost of battery deterioration, and braking energy recovery. (Goeke & Schneider, 2015; 

Touati-Moungla & Jost, 2011; S. Zhang et al., 2020; Z. Zhao et al., 2020). 

Because of the problem's intricacy, most of the available research uses meta-heuristics 

as solution approaches. Only a few articles discuss the exact methods for the EVRP, and the 

work of Desaulniers et al., (2016) is one of them. For four EVPTW variants that cover 

full/partial recharge and the number of station visits for a specific route, a column-generating 

approach is proposed (Schneider et al., 2014). 

The heuristic and meta-heuristic methods outlined in Section 2.3 may be used for the 

EVRP with minimal adjustments to the station nodes and charging schedule due to 

similarities between the VRP and the EVRP. For instance, a construction heuristic based on 

the Clarke-and-Wright saving heuristic (Clarke & Wright, 1964) is proposed in Erdoĝan & 

Miller-Hooks, (2012) study. If the merger of two routes would violate the distance constraint, 

a station is added at the spot, increasing the total distance travelled. In order to relocate the 

station, if one exists, to its prime location along the route without altering the sequence in 

which customers are visited, Felipe et al., (2014) constructed a new neighbourhood operator 
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called recharge relocation. Similar operators, such as station insertion and removal (Keskin & 

Çatay, 2016) are described in other publications and also used in this study. 

To summarize, using meta-heuristics is realistically a one-way path to the best 

solutions since the EVRP problem is more complex than the VRP versions suggested by 

existing research. 

 

2.5.1 EVRP with Multiple Trips 

There is little literature to be found on EVRP with multi-trips, which does not come as 

a surprise, as the specific VRP variant is usually studied in real-life case studies, and EVs 

have not yet fully penetrated the transport market to a significant volume. The first literature 

that combined the features of EVRP and Multiple Trips was introduced by M. Zhao & Lu, 

(2019), which, foreseeably, studies a real-world routing problem, proposed by a Chinese 

logistics company. The proposed solution method is a combination of ALNS and integer 

programming (IP), which uses common insertion and removal heuristics.  

In 2022, more interesting case studies were conducted on EVRPs with multi-trips, 

proposing metaheuristic methods and solutions via genetic algorithms.  

Mahmoud et al., (2022), proposed a Ruin & Recreate meta-heuristic for solving the 

electric vehicle routing problem with time windows and multiple trips (EVRP-TW-MT). The 

Ruin & Recreate meta-heuristic is a large neighbourhood search which follows the steps of: 

a) initial route construction, b) partial node removal (“Ruin” step), c) configuring new points 

to insert “ruined” nodes (“Recreate” step). The purpose of this study was to implement the 

aforementioned method in a case study on sustainable last-mile logistics, in the city of Lyon, 

France. 

Wang et al., (2022), presented a hybrid variable neighbourhood search (Hybrid VNS) 

algorithm for solving the multi-trip and heterogeneous-fleet electric vehicle routing problem 

(MTHF-EVRP), at the 2022 Journal of System Simulation. They aimed at creating a model 

that could be adapted to real business practice and managed to generate optimum solutions in 

a very short time, highlighting the efficiency of the Hybrid VNS algorithm. 

J. Zhang & Zhang, (2022), stress the need for research on applications of electric 

buses (EBs) to short-notice evacuations. The current research suggests that their use is 

obsolete in an evacuation preparation stage due to the inefficiency of the available power 

grid, but neglects the potentiality of coordinated EBs. Thus, they propose a multi-trip EB 

routing framework and compare it with conventional liquefied natural gas (LNG) buses in 

terms of efficiency and operational cost. The algorithm developed is a genetic algorithm with 
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improved recombination (GA-IR), which outperforms conventional genetic algorithms and 

can be proven to improve evacuation efficiency, if combined with an increase in charging 

stations and their strategic position allocation.  
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2.6 Literature Review Results 

In Table 1 and Table 2 we summarise the studied literature in order to give some 

perspective to the research trends through time.  

In Table 1, we present a summary of the literature on the general context of the VRP, 

in chronological order. This table alone serves as an index of how the VRP has evolved in 

terms of variants and solution methods. We can clearly see that soon after Dantzig and 

Ramser (1959) first introduced the VRP problem, variants started to pop out, and many 

solution methods were employed in parallel to their development. As better algorithms were 

becoming available, linear programming and exact approaches started to fade from the 

literature as early as the 2000s. 

In Table 2, we showcase the literature on the general context of EVRP, which we 

reviewed for the purpose of our research. As the EVRP is by definition a harder problem than 

the VRP, it doesn't come as surprise to find only one article proposing an exact algorithm 

(Desaulniers et al., 2016), while the rest incorporate more powerful solving methods. It is 

also obvious that Table 2 is proportionally smaller in size than Table 1, which reflects the 

lack of attention that the EVRP has received from the academic community. As seen in 

Figure 2.4, according to the SCOPUS database, since the initial introduction of EVRP (or 

GVRP) by Erdogan, only 67 articles on the topic of EVRP have been published, of which 

only 5 have received around 100 citations, while the rest remain at low numbers. At the same 

time, we notice that specifically on the EVRP there is a faster emergence of variants and also 

research is being developed on top of industry-specific cases, which is also verified by Figure 

0.5, showcasing documents published per year on the EVRP.  

While the academic focus does not lean towards the EVRP, the transportation 

industry makes important contributions to the field of VRP in general and drives the research 

activities in this area. In the last 20 years, we can also see problem variants addressing very 

specific industry constraints and, at the same time, an advancement in industry-related case 

studies, as seen in both Table 1 and Table 2. This highlights the important role that the 

transportation industry has portrayed in recent years in the development of research in terms 

of introducing new variants and adapting solution methods to real-life needs 
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Figure 0.5 Number of documents published per year on the EVRP (according to the SCOPUS 

database) 

  

Figure 0.4 Number of documents published on the topic of EVRP from 2012 till 2023 (according to 

the SCOPUS database) 
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The EVRP-PR-MT 

The most significant factors impacting commercial EVs competitiveness according to 

the study of Davis & Figliozzi, (2013), are route feasibility, minimum fleet size, minimum 

travelled distance, charging level, purchase costs and planning horizon. Following the 

objective function of the classic VRP and inspired by the above, this research study presents a 

detailed model of the EVRP that takes into account realistic operational constraints (i.e., 

vehicle capacity and multiple trips) and captures the most important parameters for optimal 

routing where electric vehicles exist. In this chapter, we attempt to present a comprehensive 

mathematical model for the EVRP-PR-MT that encompasses the real-world processes and 

constraints that a corporation should consider when routing and scheduling an electric vehicle 

fleet. 

 

3.1 Problem Description 

We define the electric vehicle routing problem with partial recharging and multiple 

trips on the general premises of Cortés-Murcia’s (2019) problem formulation. We define a 

complete directed graph 𝐺 = (𝑉′, 𝐴) with a set of vertices 𝑉′ = {𝑉 ∪ 𝐹′ ∪ {0, 𝑁 + 1}} and a 

set of arcs given by 𝐴 = {(𝑖, 𝑗)|𝑖, 𝑗 ∈ 𝑉′, 𝑖 ≠ 𝑗}. Let 𝑉 = {1, … , 𝑁} be the set of customers, 

𝐹 = {0, . . . , 𝑀} be the set of recharging stations (RS) and 𝐹′ be the set including dummy 

vertices that represent the multiple visits to vertices of 𝐹. Vertices 0 and 𝑁 + 1 denote the 

depot as a departing and arriving node respectively.  

There is a fixed fleet size of P homogeneous EVs, 𝑃 = {𝑝1, … , 𝑝𝑒}, with cargo load 

capacity of 𝑄, a driving range 𝐷 (due to limited battery capacity) and a charging time 𝑡𝑐𝑖. 

Each customer i has an associated demand 𝑞𝑖 and a service time 𝑠. During customer service, 

all vehicles must remain at the customer locations for a certain time period (service time). 

Similarly, vehicles remain stationed at recharging stations for 𝑡𝑐𝑖 while charging. Energy 

consumption of an EV travelling through an arc (𝑖, 𝑗) 𝜖 𝐴 is determined by the arc distance 

𝑑𝑖𝑗 and the consumption rate 𝛾. 

The EVRP-PR-MT seeks to determine a route plan for satisfying customers’ demands 

while minimizing the sum of travel costs and charging costs, with each route departing from 

the depot visiting all customers and coming back to the depot. Multiple trips, 𝐾 = {𝑘1, … , 𝑘𝑙} 

are allowed in a route, for charging and reloading cargo purposes. The total travel distance of 

a vehicle after the last charge should not exceed its maximal driving range 𝐷. 
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The time spent at the RS during intra-route charging is represented by the positive 

variable 𝑡𝑐𝑖, which is assumed linear and depends both on the inverse recharging rate 𝑟 and 

the difference between the required energy and state of charge (SoC) on arrival at 𝑖 ∈ 𝐹′. 

 

3.2 Mathematic Formulation 

We present a mixed integer linear programming formulation for the EVRP-PR-MT. 

For every arc in (𝑖, 𝑗) 𝜖 𝐴 the Boolean decision variable 𝑥𝑖𝑗 is equal to 1 if arc (𝑖, 𝑗) is 

traversed, 0 otherwise. Moreover, for the set of arcs {(𝑖, 𝑗)|𝑖 ∈ 𝐹′, 𝑗 ∈ 𝑉} the Boolean 

decision variable 𝑧𝑖𝑗 is defined. It is equal to 1 if the customer 𝑗 is visited from the recharging 

station 𝑖, 0 otherwise. Variable 𝑢𝑖 defines the remaining cargo and 𝑦𝑖 defines the SoC on 

arrival at vertex 𝑖 ∈ 𝑉′. Variable 𝑤𝑖  is the amount of energy recharge at recharging station 𝑖 ∈

𝐹′. Finally, the recharging time 𝑡𝑐𝑖 is computed as 𝑟 ∗ 𝑤𝑖 . Table 3 summarises the sets, 

variables, and parameters of the model.  

Using this notation, the EVRP-PR-MT can be formulated as the following integer 

program, with the objective function to minimize: 

 min ∑ 𝑑𝑖𝑗 ∑ ∑ 𝑥𝑖𝑗𝑝
𝑘

𝑝∈𝑃𝑘∈𝐾(𝑖,𝑗)∈𝐴

 (1) 

Subject to: 

 ∑ 𝑥𝑖𝑗
𝑘

𝑗∈𝑉′

+ ∑ 𝑧𝑖𝑗
𝑘

𝑗∈𝐹′

= 1    ∀𝑖 ∈ 𝑉, ∀𝑘 ∈ 𝐾 (2) 

 ∑ 𝑥𝑖𝑗
𝑘

𝑗∈𝑉′𝑖≠𝑗

≤ 1      ∀𝑖 ∈ 𝐹′, ∀𝑘 ∈ 𝐾 (3) 

 ∑ 𝑥𝑖𝑗
𝑘

𝑗∈𝑉′

− ∑ 𝑥𝑗𝑖
𝑘

𝑗∈𝑉′

= 0      ∀𝑖 ∈ 𝑉′, 𝑖 ≠ 𝑗, ∀𝑘 ∈ 𝐾 (4) 

 𝑢𝑖 ≤ 𝑄        ∀𝑖 ∈ 𝑉′ (5) 

 𝑢𝑖 − 𝑞𝑖𝑥𝑖𝑗
𝑘 + 𝑄(1 − 𝑥𝑖𝑗

𝑘 ) ≤ 𝑢𝑗      ∀𝑖, 𝑗 ∈ 𝑉′, 𝑖 ≠ 𝑗, ∀𝑘 ∈ 𝐾 (6) 
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 𝑢𝑖 − 𝑞𝑖𝑧𝑖𝑗
𝑘 + 𝑄(2 − 𝑥𝑖𝑗

𝑘 − 𝑧𝑖𝑗
𝑘 ) ≤ 𝑢𝑗      ∀𝑖, 𝑗 ∈ 𝑉′, 𝑖 ≠ 𝑗, ∀𝑘 ∈ 𝐾 (7) 

 𝑦𝑖
𝑘 − 𝛾𝑑𝑖𝑗

𝑘 𝑥𝑖𝑗
𝑘 + 𝐵(1 − 𝑥𝑖𝑗

𝑘 ) ≥ 𝑦𝑗
𝑘       ∀𝑖 ∈ 𝑉, ∀𝑗 ∈ 𝑉′, 𝑖 ≠ 𝑗, ∀𝑘 ∈ 𝐾 (8) 

 𝑦𝑖
𝑘 + 𝑤𝑖

𝑘 − 𝛾𝑑𝑖𝑗
𝑘 𝑥𝑖𝑗

𝑘 + 𝐵(1 − 𝑥𝑖𝑗
𝑘 ) ≥ 𝑦𝑗

𝑘       ∀𝑖 ∈ 𝐹′, ∀𝑗 ∈ 𝑉′, 𝑖 ≠ 𝑗, ∀𝑘 ∈ 𝐾 (9) 

 0 ≤ 𝑦𝑖
𝑘 ≤ 𝐵        ∀𝑖 ∈ 𝑉′, ∀𝑘 ∈ 𝐾 (10) 

Sets and parameters 

𝑉  Set of customer vertices 

𝐴  Set of arcs 

𝐹  Set of recharging stations vertices 

𝐹′  Set of dummy vertices that represents the visits to RS on F 

𝑉′  Set of nodes, recharging visits and depot nodes 

𝐾  Set of trips vertices 

𝑃  Set of homogenous EVs 

0, 𝑁 + 1  Depot nodes 

𝑄  Load Capacity 

𝐷  Driving range 

𝐵  Battery Capacity 

𝑞𝑖  Demand of customer 𝑖 

𝑠  Service time 

𝑑𝑖𝑗  Distance between vertices 𝑖 and 𝑗 

𝛾  Consumption rate 

𝑟  Inverse recharging rate 

𝑎  Vehicle Speed 

Decision variables 

𝐼𝐶𝑖  Initial SoC that is required by the vehicle that departs from the depot and arrives at node 𝑖 

𝑡𝑐𝑖  Time spent at the 𝑅𝑆𝑖 during the intra-route charging 

𝑢𝑖  Remaining cargo on arrival at node 𝑖 

𝑤𝑖  Amount of energy recharged at 𝑅𝑆𝑖 

𝑥𝑖𝑗  Boolean variable indicating if arc (𝑖, 𝑗) is traversed 

𝑦𝑖𝑗  SoC on arrival at node 𝑖 

𝑧𝑖𝑗  Boolean variable indicating if the customer 𝑗 is visited from 𝑅𝑆𝑖 

Table 3. Variable and parameter definitions of the EVRP-PR-MT model 



Chapter 3. The EVRP-PR-MT 

Diploma Thesis, Andreas Apollonas Koulopoulos 52 

 0 ≤ 𝑦𝑖
𝑘 + 𝑤𝑖

𝑘 ≤ 𝐵        ∀𝑖 ∈ 𝐹′, ∀𝑘 ∈ 𝐾 (11) 

 ∑ 𝑧𝑖𝑗
𝑘

𝑗∈𝑉

≤ 1      ∀𝑖 ∈ 𝐹′, ∀𝑘 ∈ 𝐾 (12) 

 𝑥𝑖𝑗
𝑘 ∈ {0,1}       ∀𝑖, 𝑗 ∈ 𝑉′, 𝑖 ≠ 𝑗, ∀𝑘 ∈ 𝐾 (13) 

 𝑧𝑖𝑗
𝑘 ∈ {0,1}       ∀𝑖 ∈ 𝐹′, 𝑗 ∈ 𝑉, ∀𝑘 ∈ 𝐾 (14) 

 𝑢𝑖
𝑘 , 𝐼𝐶𝑖

𝑘 , 𝑦𝑖
𝑘 ≥ 0       ∀𝑖 ∈ 𝑉′, ∀𝑘 ∈ 𝐾 (15) 

  𝑡𝑐𝑖 , 𝑤𝑖
𝑘 ≥ 0       ∀𝑖 ∈ 𝐹′, ∀𝑘 ∈ 𝐾 (16) 

 

 Based on the above, the objective function (1) is to minimize the total distance 

travelled. Constraints (2) state that all customers have to be visited once while recharging 

stations and dummy vertices cannot be visited more than once, constraints (3). Flow 

conservation constraints (4) guarantee for each vertex that the number of incoming arcs is 

equal to the number of outgoing arcs. Vehicle capacity is restricted by constraints (5). Load 

flow and fulfilment of demand are represented by constraints (6) for all the vertices and by 

constraints (7) for those vertices visited after visiting a recharging station, where the demand 

of a customer visited, affects the remaining load. The battery level at a vertex following a 

customer visit is set by constraints (8) while constraints (9) set the battery level at a vertex 

after a recharging station visit. Constraints (10) and (11) guarantee that battery capacity is 

respected. Constraints (12) sets the maximum number of customers that could be served after 

each visit at a recharging station. Constraints (13)–(16) specify the types and ranges of the 

decision variables. 
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3.3 Algorithm 

The EVRP-PR-MT is an NP-hard problem and is an extension of the classic VRP. 

Our goal is to solve large instances in a reasonable amount of time, and it is well understood 

that using meta-heuristics is an effective technique to deal with these types of problems. 

Accordingly, our solution could be divided into two phases: a construction phase, where an 

initial solution is generated using a savings heuristic, and the improvement phase, where the 

solution is optimised with a local search framework reiterating improvement moves.  

 

3.3.1 Construction Phase 

As mentioned in Section 2.3.2 the initial routes are constructed through the parallel 

savings algorithm proposed by Clarke & Wright, (1964). The parallel savings algorithm 

begins with each customer being serviced individually by a route. Then, for each iteration, 

the best viable merging is made until no more mergers exist in the savings list. Because the 

routes are built in parallel, each merging decreases the number of routes by one. The savings 

are calculated by the method proposed by Clarke & Wright, (1964) for merging two routes by 

connecting customers 𝑖 and 𝑗 with: 

𝑠(𝑖, 𝑗) = 𝑑0𝑖 + 𝑑0𝑗 − 𝑑𝑖𝑗 

The distance saved by merging the two routes by connecting 𝑖 and 𝑗 with an edge, 

assuming that 𝑖 and 𝑗 are linked to the depot (marked by 0) with an edge prior to the merge 

process, is described by the value of the savings 𝑠(𝑖, 𝑗). 

Aside from the savings function, the ordering of the savings values is important. 

Typically, the merging with the highest saving value is applied first by the savings algorithm. 

A merging is also subject to the following constraints: 

i. Customers 𝑖 and 𝑗 are not on the same route, 

ii. The merged routes should have an edge from 𝑖 and 𝑗 to the depot, and 

iii. The merge will not breach capacity or maximum route cost thresholds. 

 

3.3.2 Improvement Phase 

In the improvement phase of the algorithm, we implement the local search framework 

proposed by Rasku, Kärkkälnen and Musliu (2019), which iteratively improves the solution 

by exploring neighbouring solutions. In this thesis, we apply intra-route and inter-route 

moves, along with custom recharging station operators such as worst RS removal and RS 

insertion, which are explained later in this chapter. The move operators generate 
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neighbouring solutions by modifying one or more attributes of the solution. Here, attribute 

might refer to arcs linking two customers, for example. When a neighbouring solution is 

found, it is compared to the existing solution. If the neighbouring solution is better, it replaces 

the present solution, and the search continues.  

The two acceptance strategies used in our research are first-accept (FA) and best-

accept (BA). The first-accept approach chooses the first neighbour who meets the acceptance 

requirement. The best-accept method looks at all neighbours who meet the criterion and 

chooses the best one (Bräysy & Gendreau, 2005).  

 

Intra-route heuristics change one or more consumers' positions inside a route. The intra-

route heuristics applied in this thesis are: 2-opt move, 3-opt move, relocate move and 2-opt 

exchange. 

 

Lin & Kernighan (1973) first presented the 2-opt intra-route refinement solution for 

the travelling salesman problem. As illustrated in Figure 0.1, the heuristic first selects two 

non-consecutive edges that belong to the same route at random. The two selected edges are 

removed from the original path, and their points are re-joined to form a new path. 

 

 

Figure 0.1 Movement of the 2-opt intra-route heuristic 

 

The 3-opt heuristic chooses three links to eliminate and reconnect for improvement, 

rather than two as 2-opt heuristics do. Previous research has demonstrated that the power of a 

3-opt operation is about similar to three 2-opt operations (Helsgaun, 2000), meaning that the 

3-opt heuristic is more efficient and effective than the 2-opt heuristic in identifying the best 
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solution. It should be noted that the 3-opt heuristic is not a simple extension of the 2-opt 

heuristic: there is only one method to connect any two links picked by a 2-opt heuristic. On 

the contrary, after picking three connections from a preliminary tour, there are seven methods 

to reconnect them. A 3-opt heuristic should decide the optimum reconnecting type, making 

the creation of efficient 3-opt heuristics exceedingly difficult (Figure 0.2). 

 

 

Figure 0.2 Illustration of 2-opt and 3-opt heuristics in use 

 

In intra-move relocate a selected customer is removed from its current position in its 

route and moved to a different position in the same route (Karakostas et al., 2022). Figure 0.3 

illustrates an example of the Intra-route Relocate neighbourhood, applied to the pair of 

customers (5, 4). 

 

 

Figure 0.3 Example of the intra-route relocate move 
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A k-exchange move, in general, entails the deletion of (up to) k arcs from the present 

solution and the production of k new ones to generate the future solution. The complexity of 

exhaustively examining the k-exchange neighbourhood of a solution is O(nk), so in practical 

local search methods, the value of k rarely exceeds 3 or 4, because this would lead to 

excessive computational times (Toth & Vigo, 2003). 

 

Inter-route heuristics switch one or more customers between routes. The inter-route 

heuristics applied in this thesis are: 2-opt movement, 1-point move, 2-point move, insertion 

move, redistribute more, and chain exchange move. 

 

The inter-route 2-opt method of refinement is, in fact, an expansion of the 2-opt intra-

route heuristic (Tavares et al., 2009). While in the 2-opt intra-route heuristic two edges 

belonging to the same route are selected randomly, in the 2-opt inter-route heuristic two 

edges that necessarily belong to distinct routes are selected randomly (Figure 0.4). The result 

of this exchange can lead to a route whose vehicle capacity is disrespected. The new solution 

is not evaluated in this scenario. 

The stopping criterion selected is reached by finding the minimum route distance from every 

iteration. 

 

 

Figure 0.4 Movement of the 2-opt inter-route heuristic 
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The 1-point move (Groër et al., 2010) in Figure 0.5 modifies a route in its cost, by 

moving one point from one route to another. Hence it can be used to obtain good solutions 

concerning any of the objectives, given that the appropriate direction is adopted. So, when 

trying to improve the unbalance of the routes, the search direction of the moves carried out by 

the 1-point move has to be in this direction, and not, for example, toward decreasing the 

costs.  

 

 

Figure 0.5 1-point move 

 

The 2-point move is an extension of the intra-route exchange move, but it operates in 

two routes. This operation is sometimes referred to as “exchange” (e.g., in, Bräysy & 

Gendreau, 2005; Savelsbergh, 1992) but the term “2-point” was adapted to differentiate it 

from the intra-route which operates only on one route. 

 

The inter-route insertion (Figure 0.6) removes a vertex from its position in a route and 

reinserts it in a different route (Lei et al., 2012). If the insertion of the vertex in a newly 

created route is better than an insertion in any of the existing routes, a new route is then 

initiated with that vertex. This move may delete or create a route of the current solution. 

 



Chapter 3. The EVRP-PR-MT 

Diploma Thesis, Andreas Apollonas Koulopoulos 58 

 

Figure 0.6 Insertion move 

 

With the inter-route redistribute move, we try to insert the nodes of the first route into 

the other routes if possible (Rasku, Kärkkälnen and Musliu, 2019). The insertion order 

matters, so it is possible to try all permutations of nodes to be inserted and routes to insert to 

(and return the best). 

 

The chain exchange move is found in literature as the "pair" operation (Wren & 

Holliday, 1972). It involves moving and replacing a node on route 2 with a node on route 1. 

The replaced node is then inserted on route 3 (if able). 

 

Recharging station operators are critical elements of the methodology. As a result, deleting 

them or shifting their placements in a route's visit sequence may enhance the solution. As a 

result, after a set number of repetitions, a Station Removal (SR), followed by a Station 

Insertion (SI), technique is used. The operators used in this thesis are Worst-Charge Station 

Removal and Greedy Station Insertion (Keskin & Çatay, 2016b). 

 

The Worst-Charge Station Removal operator utilizes the battery as much as possible 

before requiring recharging and increases the effective stations’ utilization. We propose the 

elimination of stations that are visited by EVs with significantly high charge levels. The 

stations are sorted in the non-increasing order of the battery level of the EVs that visit them 

for recharging, and the stations are deleted starting with the first station in the list. 
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When the vehicle arrives with a low battery level, the Greedy Station Insertion 

operator detects the first customer along the route and inserts the "cheapest" (shortest 

distance) station on the arc between that customer and the previous customer. If this insertion 

fails, the previous arcs are attempted in the same manner. 
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Experimental Methodology 

In this chapter, we present the setting on which the algorithm was tested, the 

benchmarks it competed against, as well as the design of the experimental process. 

 

4.1 Experimental Setting 

The main objective of the experiment is to evaluate our method’s performance against 

the results of common EVRP benchmarks.  The experiment is executed in a set environment 

with the following characteristics presented below. 

 

Software Environment: Python (Python 3.9.0) on the PyCharm 2022.1.1 IDE. We modified 

the VeRyPy library to our unique problem specifications (EVRP-PR-MT) and used 

matplotlib to plot the graph of the routes. Python was selected because of its high readability 

and the wide range of open-source libraries available. 

  

Hardware Environment: The hardware specifications on which we run the experiment are 

found in Table 4. Hardware Environment below. 

 

System MacBook Pro 2019 

GPU Intel Iris Plus Graphics 655 1536 MB 

CPU Intel Core i5 Quad-Core 2.4 GHz 

RAM 8 GB 

Operating System (OS) macOS Monterey 12.0.1 

 

Table 4. Hardware Environment 

 

Benchmark Instances: As the EVRP-PR-MT has not been modelled in previous research, 

there is no set of instances to test our algorithm on. Therefore, we compare our results against 

the E-CVRP benchmarks created by Mavrovouniotis et al., (2020) for the 2020 IEEE 

Congress on Evolutionary Computation (CEC). These E-CVRP benchmarks were generated 

based on the C-VRP benchmarks of Christofides N. et al., (1981); Christofides & Eilon, 

(1969); Fisher, (1994) and Uchoa et al. (2017). The E-CVRP benchmark set consists of two 

groups of problems: a) six small-scale instances, b) eighteen large-scale instances, which are 

presented below in  



Chapter 4. Experimental Methodology 

Diploma Thesis, Andreas Apollonas Koulopoulos 61 

Table 5 and Table 6. In the aforementioned tables, column “C” refers to each vehicle’s total 

capacity in transported goods and column “D” represents the vehicle's battery capacity, in 

terms of driving range. These datasets contain the following basic information which is used 

as input in our solution method: a) Problem dimension, b) Nodes coordinates, c) Number of 

stations, d) Maximum vehicle load capacity, e) Maximum driving range (Energy capacity). 

 

Instance name #Customers #Stations #Vehicles C D 

E-n29-k4-s7 21 7 4 6000 99 

E-n30-k3-s7 22 7 3 4500 162 

E-n35-k3-s5 29 5 3 4500 138 

E-n37-k4-s4 32 4 4 8000 238 

E-n60-k5-s9 50 9 5 160 99 

F-n49-k4-s4 44 4 4 2010 260 

 

Table 5. Small-scale benchmark set and its characteristics 
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Instance name #Customers #Stations #Vehicles C D 

E-n89-k7-s13 75 13 7 220 87 

E-n112-k8-s11 100 11 8 200 100 

M-n110-k10-s9 100 9 10 200 118 

M-n126-k7-s5 120 5 7 200 199 

M-n163-k12-s12 150 12 12 200 100 

M-n212-k16-s12 199 12 16 200 100 

F-n80-k4-s8 71 8 4 30000 53 

F-n140-k7-s5 134 5 5 2210 307 

X-n147-k7-s4 142 4 7 1190 2762 

X-n221-k11-s9 213 7 11 944 1204 

X-n360-k40-s9 351 9 40 436 1236 

X-n469-k26-s10 458 10 26 1106 1230 

X-n577-k30-s4  572 4 30 210 2191 

X-n698-k75-s13  684 13 75 408 1336 

X-n759-k98-s10 748 10 98 396 1367 

X-n830-k171-s11 818 11 171 358 1385 

X-n920-k207-s4 915 4 207 33 2773 

X-n1006-k43-s5 1000 5 43 131 2536 

 

Table 6. Large-scale benchmark set and its characteristics 
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4.2 Experimental Design 

In the experimental process, we have designed a set of procedures, which will allow 

us to reach the best possible global solution of our local search framework while minimising 

the computational time of each instance. This has been done in accordance with the nature of 

the framework utilised.  

In this notion, we noticed that the algorithm sometimes gets stuck on local optima, 

resulting in a worse global solution. To find a solution around that, we followed the steps 

shown in Figure 0.1, until there is no new local search strategy to implement. The term 

“reasonable time” below is a comparison to the computational time required to reach the 

optimal solution of each instance, according to the benchmarks of Mavrovouniotis et al., 

(2020). The term “local search strategy” refers to the sequence in which the intra-route, inter-

route, RS insertion and RS removal moves are going to be iteratively applied, as seen in 

Figure 0.2. The total number of strategies is equal to the number of possible combinations 

between all moves, which is equal to 𝑚!, in our case 479001600 different strategies. Of 

course, as seen in Figure 0.1 and Figure 0.2, we don’t test all possible scenarios as it would 

violate the computational time constraint. 

Through testing, we reached the outcome of the best working strategy on the basis of 

solution optimality and computational time, being an initial implementation of the intra- and 

inter-route moves in alternation with each other, followed by a refinement process, on the 

produced solution, with a few iterations of separately applying intra- and inter-route moves. 

The results are shown in the next chapter (0). 
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Figure 0.1 Experimental procedure 

 

 
Figure 0.2 New local search strategy search



Chapter 5. Results 

Diploma Thesis, Andreas Apollonas Koulopoulos 65 

Results 

In this chapter, we present the results of the experiments executed, while also 

comparing the latter with the benchmark instances mentioned in Section 4.1. 

 

5.1 Experimental Results 

Below in Figure 5.1 to Figure 0.9, we showcase some of the lower dimension 

instances that were solved. The colour of a route represents a single vehicle. The nodes with a 

black star act as recharging stations; the depot, node 0, acts as a reload point and a recharging 

station as well. The problems of smaller dimensions were chosen based on the visual clarity 

of routes and trips presented, making it easier to comment on and assess them.  

On this notion, we can observe a visual attractiveness on the majority of routes, which 

is considered an important element of route planning when facilitating practical issues and 

collaborating with transportation industry stakeholders (Rossit et al., 2018). In the majority of 

instances, we have an enhanced visual attractiveness with cyclical and clearly separated 

routes. Specifically, the instances E-n37-k4-s4 and F-n49-k4-s4 represented in Figure 0.4 and 

Figure 0.6 possess both the elements of optimality, in terms of solution quality, and visual 

attractiveness. 

In Figure 5.1, Figure 5.3 and Figure 0.5 we can observe clearly the multi-trip function 

of our method. Specifically, in Figure 5.1, the dark gold vehicle traverses through nodes 12-

15-18-20-17-14 and then returns to the depot to reload and partially recharge to continue on a 

second trip to node 16. The instance E-n60-k5-s9 which is represented in Figure 0.5, is 

performing lower than the optimum; the nodes that visually seem like bottlenecks to the 

improvement phase are 1, 32 and 46. However, integrating them either in the dark green or 

orange route would lead to a capacity constraint violation. 

In Figure 0.7 we can observe an overall cyclicity, but an optimal value is not reached. 

A few improving points can be seen within each route in the areas where congestions of 

nodes exist, i.e., in the pink route nodes 12, 13, 16, 17. In these areas, more intra-route 

iterations are often needed in order to find the optimum sequence of visits. Nevertheless, 

these improvements lead to minimal enhancement in the solution quality.  

On the same note as above, Figure 0.8 showcases a perfect example of intra-route 

refinement, which is reaffirmed both visually and in regards to solution quality, achieving 

around 9% better results in total solution cost and subsequently an optimum result.  
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Last but not least, Figure 0.9 presents an interesting feature of the method developed 

in this thesis, which is fleet reduction. While the instance X-n147-k7-s4 is generated with 7 

vehicles serving 142 customers with a total solution cost of 17704, the LS meta-heuristic 

proposes a solution which utilizes 6 vehicles and reaches a solution cost with more than 5% 

better result.  

 

 

 

Figure 0.1 Instance E-n29-k4-s7 

Figure 0.2 Instance E-n30-k3-s7 
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Figure 0.4 Instance E-n37-k4-s4 

 

 

Figure 0.3 Instance E-n35-k3-s5 
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Figure 0.5 Instance E-n60-k5-s9  

 
Figure 0.6 Instance F-n49-k4-s4 
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Figure 0.7 Instance F-n80-k4-s8 

Figure 0.8 Instance M-n110-k10-s9 
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Figure 0.9 Instance X-n147-k7-s4
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5.2 Performance Analysis and Discussion 

The performance of the local search meta-heuristic against the benchmarks mentioned 

in Section 4.1 is presented in Table 7 and Table 8, for small- and large-scale problems. In 

both tables, the “Optimal Cost” and “Optimal Time” columns refer to the performance of the 

algorithm developed by Mavrovouniotis et al., (2020). The “Optimal Cost” values provided 

on the benchmark sets in Table 7 and Table 8 are the best-known results generated yet. 

Mavrovouniotis et al., (2020) proposed two solution methods for the instances; a mixed linear 

programming approach for the small-scale problem set and an ACO meta-heuristic for both 

problem sets. The “Optimal Time” values refer to the CPU time (in seconds) required for 

each instance, on the following experimental setup: Linux System with an Intel Core i7-

3930K 3.20GHz processor with 12MB cache and 16GB RAM (Mavrovouniotis et al., 2020). 

The “LS Cost” and “CPU Time” columns are referring to the performance of the 

model developed in this thesis. With the “Gap” column, we present the deviation between the 

solution obtained by implementing our algorithm and the solution proposed in the work of 

Mavrovouniotis, in terms of cost and computational time. 

In Table 7 we present the experimental results of the runs on the small-scale problem 

set. In four out of six instances, we have achieved better than the known-optimal solution 

with an average of 1.7% decrease in the total solution cost. At the same time, the CPU time 

of the LS method, in all instances, is smaller by 93% on average. Given that our setup is less 

efficient in terms of computational power, this percentage highlights the efficiency of the 

method developed in this thesis. On the other hand, in two out of six instances, specifically in 

E-n29-k4-s7 and E-n60-k5-s9, we haven’t reached the known optimal value, falling behind

by 5% approximately. In those instances, the algorithm is not able to provide an optimum 

solution within the acceptable time frame (see Section 4.3), thus only the solutions obtained 

within that range are shown.  
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Instances Optimal Cost LS cost Gap Optimal Time CPU Time Gap 

E-n29-k4-s7 383 397 -3.66% 0.1 0.1 0.00% 

E-n30-k3-s7 577 570 1.21% 3.1 0.1 96.77% 

E-n35-k3-s5 527 520 1.33% 2.2 0.2 90.91% 

E-n37-k4-s4 865 845 2.31% 3.4 0.3 91.18% 

E-n60-k5-s9 544 579 -6.41% 20.7 1 95.17% 

F-n49-k4-s4 740 726 1.89% 8.9 0.7 92.13% 

Table 7. Solution Quality comparison for small-scale E-CVRP instances 

In Table 8 we present the results of the large-scale instances. Here we can notice an 

improved efficiency, in terms of solution cost reduction, of the local search meta-heuristic on 

the larger-dimension problems, achieving higher than optimum results on fourteen out of 

eighteen instances by an average of 4.5%. In a few instances, the LS method does not reach 

optimal values, specifically in E-n89-k7-s13, E-n112-k8-s11, M-n163-k12-s12 and  

F-n80-k4-s8, being on average 2.5% below the optimal values. As with the small-scale

problems, here we notice a clear advance in CPU time by an average of 95% lower. On this 

benchmark set, we decided to keep the iterations at a minimal size, around 1÷10, in order to 

avoid high computational times. Keeping that in mind, we chose to include worse results in 

terms of solution cost in Table 8; presenting a significant deviation in computational times, 

while at the same time achieving optimal values in the majority of instances. Specifically, on 

instances with over 500 nodes, we ran the local search algorithm for only one iteration; the 

obtained result highlights the performance of our algorithm on large-scale problems. 



Chapter 5. Results 

Diploma Thesis, Andreas Apollonas Koulopoulos 73 

Instances Optimal Cost LS cost Gap Optimal Time CPU Time Gap 

E-n89-k7-s13 724 743 -2.62% 31.8 1 96.86% 

E-n112-k8-s11 860 890 -3.49% 71.8 4.7 93.45% 

M-n110-k10-s9 914 832 8.97% 57.6 10.7 81.42% 

M-n126-k7-s5 1099 1045 4.91% 63.7 12.5 80.38% 

M-n163-k12-s12 1109 1111 -0.18% 158.4 11.8 92.55% 

M-n212-k16-s12 1398 1350 3.43% 266.1 17.9 93.27% 

F-n80-k4-s8 240 250 -4.17% 23.7 4.3 81.86% 

F-n140-k7-s5 1229 1175 4.39% 92.5 21.6 76.65% 

X-n147-k7-s4 17704 16745 5.42% 104.5 9.6 90.81% 

X-n221-k11-s9 12235 11814 3.44% 161 24.2 84.97% 

X-n360-k40-s9 27701 27095 2.19% 1119.4 115 89.73% 

X-n469-k26-s10 26881 25988 3.32% 1905.2 84 95.59% 

X-n577-k30-s4 55266 52201 5.55% 3182 43 98.65% 

X-n698-k75-s13 75048 70899 5.53% 5511.7 84 98.48% 

X-n759-k98-s10 84996 79307 6.69% 7258.8 136 98.13% 

X-n830-k171-s11 167575 164601 1.77% 6612.6 342 94.83% 

X-n920-k207-s4 345214 344246 0.28% 6774.9 378 94.42% 

X-n1006-k43-s5 80765 76873 4.82% 8380.6 607 92.76% 

Table 8. Solution Quality comparison for large-scale E-CVRP instances 

On a general note, we can notice that on both tables we have achieved very low 

computational times. In order to maximise the ability of our algorithm of achieving better 

results within this time scale, we investigated different strategies on the instances that 

perform poorly. During this process, we noticed two possible backlogs.  

First, it came to light that due to the nature of the multi-trip modelling, our method 

sometimes utilises one less route than the currently known optimal, which integrates within a 

vehicle trip. That happens at the initial construction phase of the solution, which later adheres 

a computational burden on the optimisation phase to reach a global optimum. Specifically, 

the efficacy of inter-route heuristics is lower when there are fewer routes to apply them on, 

and the inter-route moves are responsible for larger changes in the total solution cost. 
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The second thing we observed was that the computational difficulty of each instance 

was not increasing exponentially due to an increase in the problem’s dimension but due to the 

increase in the total number of vehicles utilised. Specifically, in instances with a large fleet of 

vehicles, we had to minimise the iterations in order to stay within a reasonable time frame. 

Nevertheless, this didn’t lead to lower-than-optimum results in most cases. 
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Conclusions and Recommendations 

In this thesis, we present a new flavour of the vehicle routing problem which 

calculates minimum distance routes for electric vehicles. The EVRP-PR-MT considers a 

limited vehicle driving range, cargo load and multiple trips per vehicle while enabling 

vehicles to partially charge in order to decrease the total route duration. The problem is 

formulated with linear programming and solved using a local search framework along with 

custom neighbourhood search heuristics regarding the recharging stations. We tested our 

results against E-CVRP benchmarks, and the results (Chapter 5) showcase promise in terms 

of solution approach and quality. In the majority of instances, we managed to obtain better 

than the known optimum values in proportionally minimum time compared to the ones 

obtained in the instances run by Mavrovouniotis et al., (2020). 

Through many runs on large-scale instances, we noticed that enabling the vehicles to 

perform multiple trips often minimised the need for at least one vehicle per routing problem, 

which reaffirms our initial motive of developing a method that could adapt to real-life 

industry constraints. On the same note, the reason we modified our algorithm to charge 

partially was to minimise the total route time as much as possible.  

Based on the results shown in Chapter 5, we can confidently say that EVRP-PR-MT 

can be adapted to industry-specific problems, such as last-mile delivery for two important 

reasons. First, it minimises the fleet of vehicles, which in the context of a third-party logistics 

(3PL) company transitioning into EVs, would mean less initial capital investment and later, 

less operating costs. In parallel, keeping in mind the available recharging station grid in most 

city centres and its growing demand, enabling partial recharging translates to a priori booking 

of narrow charging slots, which would improve the credibility of EVs as inner city transport 

vehicles. Of course, it also reduces the total route duration, which gives way to possibly more 

customer visits in a single shift.  

In parallel, during the modelling process of our algorithm, we also developed an 

additional constraint which limits the route's duration, enabling a possible time-scheduling 

feature for the drivers of the fleet. However, during the improvement phase of the algorithm, 

this constraint is often violated to a minimum extent, thus we didn’t include it in the final 

solution formulation. Nevertheless, it is an important addition which would improve the 

EVRP-PR-MT competitiveness in the transportation industry applications. 

As Goel A. & Gruhn V. (2006) stress, not much attention has been drawn into 

including the driver’s working hours in the vehicle routing phase. Integrating the driving 
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time, breaks and rest periods, would not only reduce the uncertainties of the routing plan 

execution, but it will also aid the company in preemptively aligning with driver regulations. 

Looking at the horizon of Industry 5.0, which puts humans at the centre of the value chain 

and where driver’s and worker regulations are respected and implemented, the research in the 

transportation industry should find the aforementioned issue fruitful, and necessary in order 

to reach a holistically sustainable operational approach.
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