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A B S T R A C T

This study addresses the scalability challenges of the Mixed-Fleet Multi-Terminal Electric Bus Scheduling 
Problem by exploring various heuristic and metaheuristic approaches applied to large urban networks. A novel 
Repeated Local Search (RLS) algorithm is developed to optimize full-day scheduling, incorporating key factors 
such as fleet assignment, charging constraints, and deadheading costs, while accounting for limited charging 
infrastructure. The RLS method generates initial greedy yet feasible schedules for a mixed fleet of electric and 
hybrid buses, serving as the foundation for two metaheuristic strategies: Simulated Annealing and a Genetic 
Algorithm. The Simulated Annealing approach is implemented in two variants: one integrating a Mixed-Integer 
Linear Programming (MILP)-based move, and the other using an RLS-based move to reschedule trip chains while 
maintaining feasibility. Meanwhile, the Genetic Algorithm employs repair mechanisms to correct infeasible 
solutions arising during the crossover process. To evaluate these methodologies, a three-phase experimental 
framework is employed: (1) stress-testing a MILP model under various fleet and infrastructure conditions, (2) 
benchmarking MILP performance against metaheuristic methods on small-scale instances, and (3) conducting a 
comparative analysis of metaheuristics across small, medium, and real-size urban scenarios. The urban-scale 
instances are derived from real-world public transit timetables in Luxembourg City, encompassing 1,084 trips, 
12 terminals, 10 bus lines, and full-day operations. Results indicate that the proposed metaheuristic approaches 
achieve solutions comparable to exact MILP formulations in small-scale cases while offering substantial scal
ability improvements for larger networks. Each algorithm exhibits distinct advantages and trade-offs, high
lighting the importance of selecting an appropriate method based on the specific scenario and computational 
constraints. These findings extend prior research on smaller instances and suggest that as urban transit systems 
transition to electric fleets, the marginal operational benefits for transit agencies may diminish with increasing 
network size.

1. Introduction

Transportation plays a fundamental role in carbon emissions, with its 
impact recently estimated at 1/4th of all energy-related CO2 emissions 
worldwide (European Environment Agency, 2022). As a result, the swift 
focus of policy, planning, and research has converged on the electrifi
cation of this sector, with a shared goal of propelling a transition toward 
sustainability. Unlike private transport, Public Transport (PT) stands as 
a promising catalyst for the rapid adoption of Electric Vehicles (EVs), 
driving sustainability and decarbonization within the urban mobility 

landscape.
Nevertheless, in many countries, particularly in Europe, the transi

tion to fully electrified bus fleets is expected to be a gradual process, 
bringing forth challenges in effectively managing mixed- or full-electric 
fleet scheduling (Pelletier et al., 2019). These challenges stem primarily 
from factors encompassing battery technologies and materials, as well as 
the policy requirements and investments associated with charging 
infrastructure (Fig. 1). Over the past decade, battery prices have 
consistently declined, accompanied by improvements in specific energy 
and lifespan (International Energy Agency, 2023). This trend might 
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encourage a strategy of delaying significant electric bus purchases to 
capitalize on lower acquisition costs, while also avoiding both sunk costs 
and missing out on further technological advancements. Furthermore, 
achieving full electrification will demand substantial economic in
vestments in establishing multiple charging terminals to meet the 
growing charging needs during daily operations. Numerous technolo
gies and charging strategies warrant consideration, including options 
like pantograph and plug-in charging, opportunity, or depot charging 
(Jefferies and Göhlich, 2020). However, it is crucial to highlight that not 
all terminal or depot locations align with building requirements or 
feasibility standards for these charging solutions, mainly due to con
straints like space availability and logistical compatibility (Hall and 
Lutsey, 2020; Amiri et al., 2023; Feng, 2024). In cases where there is an 
excessive demand for recharging relative to the low number of available 
charging stations, the potential for queues at terminals or depots arises, 
which could subsequently lead to delays in adhering to the timetable. 
Another aspect of concern is the possibility of grid instability and 
blackouts. While Bus-to-Grid (B2G) has the potential to enhance grid 
flexibility and provide demand response capabilities, the sudden with
drawal of a large number of connected vehicles during peak demand 
could strain the grid and lead to voltage fluctuations or even localized 
blackouts (Fei et al., 2023; Noel and Mccormack, 2014). Opting for a 
mixed-fleet strategy provides a buffer against the risk of overloading the 
grid during high-demand periods. From an operational standpoint, the 
incorporation of EVs into the bus operator’s fleet introduces additional 
complexities. The limited range of EVs represents a constraint on mul
tiple aspects of PT planning (Ceder, 2016): line planning might require 
alteration in order to ensure that (some) line terminals are strategically 
located near charging stations able to partly recharge EVs in a matter of 
minutes or even a few seconds; timetabling might be adapted to allow 
for additional slack times between consecutive trips, so to allow quick 
charging at terminals, causing a trade-off with respect to the current 
level of service; vehicle scheduling is especially impacted by range 
constraints: while fleets composed by internal combustion vehicles can 
be scheduled so as to maximise the distance travelled and minimise 
downtime, and to best utilise the available fleet, the limitations related 
to battery discharging and recharging require careful consideration both 
in terms of how feasibly dense a given EV’s schedule can be, as well as 
how access to limited capacity charging stations is handled.

For operators, electrification might therefore lead to increased 

overheads as redundancies in the fleet become necessary in order to 
meet all constraints. Hence, a well-considered strategy for selecting the 
most suitable vehicle types and assigning them to specific trips holds the 
key to upholding the schedule’s integrity and ensuring the desired ser
vice level. In literature, these problems are categorized as Multiple 
Vehicle Type Scheduling Problems (MVTSP), a category known for its 
NP-hard complexity, as established by (Costa et al., 1995). While 
seeking exact solutions to said problems becomes quickly intractable 
with problem size and complexity, the potential advantages for opera
tors are considerable: effective management of mixed-fleet scenarios can 
simultaneously leverage the advantages of reduced operational costs for 
electric buses and maintain adherence to energy-related constraints by 
minimizing the number of trips performed by internal combustion or 
hybrid buses within the schedule. Nevertheless, as the scale of the 
studied problem increases from a few selected lines to urban-sized in
stances, the intricacies of multi-terminal interactions quickly become 
impractical from a computational perspective. Vehicle scheduling must 
consider interactions between bus routes (such as utilizing common 
terminals for route switches), including deadheading trips to efficiently 
distribute resources across lines, and access to a limited number of 
charging stations, all while striving to avoid station queues. Conse
quently, the development of effective solution heuristics and meta
heuristics becomes imperative for addressing real-world instances while 
still delivering solutions of acceptable quality.

Following previous studies (Picarelli et al., 2020; Rinaldi et al., 
2020), in this work we focus on designing a solution framework for the 
Mixed-Fleet Multi-Terminal Electric Bus Scheduling Problem 
(MFMTEBSP), with a specific emphasis on ensuring scalability that en
ables the application to urban-scale scenarios. The scenario under 
consideration involves: a mixed fleet of electric and hybrid buses, a 
subset of terminals equipped with a limited number of charging stations, 
and the implementation of opportunity charging at terminals (OC-T) via 
pantographs. The objective is to minimize both operational costs, 
encompassing fleet assignment, charging, and deadheading costs, as 
well as fixed costs associated with the fleet size. As a starting point, we 
propose a modified version of the MILP model from (Picarelli et al., 
2020), aiming to tackle full micro instances and establish an optimal 
benchmark. Then we introduce a Repeated Local Search (RLS) heuristic, 
named Chain-Trip Builder (CTB). This heuristic is implemented both as a 
standalone method and as a feasible single-solution and population 

Fig. 1. Comparison of motivations for mixed-fleet adoption versus conventional or fully-electrified fleets, considering their strengths and the limitations of the 
ecological transition era.
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generator for subsequent metaheuristics. The CTB exploits a stochastic 
strategy to assign electric or hybrid buses to feasible chains of trips, 
which are generated using a window-based approach. We conduct an in- 
depth analysis and hyperparameter tuning stage (using grid search) for 
CTB to ensure proper configuration of exogenous parameters. We 
further introduce two nature-based metaheuristics: a Simulated 
Annealing (SA) and a Genetic Algorithm (GA). While the GA leverages 
crossover operations to generate new offspring solutions, the SA em
ploys two distinct moves: the first is a double-chain switch move, uti
lizing a modified version of the MILP model presented; the second move, 
a n-chain switch move, selects n chains of trips for rescheduling and 
employs a modified version of the CTB to find feasible solutions.

To validate our proposed approach, we engage in three distinct 
testing phases. Initially, we subject the MILP model to a stress test, 
identifying crucial instance attributes for utilization in the subsequent 
phase. In the second stage, we assess the quality gap among the 
approximate approaches by comparing them with the MILP model, 
employing artificial micro instances. For the third stage, we evaluate the 
performance of the proposed metaheuristic across three case studies, 
encompassing both real-world and synthetic scenarios of increasing 
sizes. During this phase, we handle urban-sized instances, involving a 
full day’s schedule that spans 12 terminals, 10 bus lines, and a total of 
1084 trips. Additionally, we explore multiple fleet size compositions and 
infrastructure configurations through various tests. This allows us to 
assess the metaheuristics’ effectiveness, behaviors, and their ability to 
tackle problems that are infeasible for MILP-based approaches due to 
their prohibitive scale. While our methodology is developed with scal
ability in mind, its application and evaluation in this study focus on a 
case study representing a mid-sized European city. Given the specific 
characteristics of Luxembourg City, including its modest size and 

relatively short bus routes, future research may explore the applicability 
of the proposed methods in denser and more complex urban 
environments.

This paper is organised as follows. Section 2 presents a literature 
review centred on the Electric-Vehicle Scheduling Problem (E-VSP) 
within public transportation. Special emphasis is placed on recent ad
vancements in both fully electrified and mixed-fleet strategies, along 
with the utilization of heuristics and metaheuristics in addressing urban 
network scenarios. In addition, we discuss the contributions of our study 
to the Mixed-Fleet Bus Scheduling Problem. In Section 3 we first present 
a MILP formulation of the Mixed-Fleet Multi-Terminal Electric Bus 
Scheduling Problem and our assumptions. We then detail the design and 
development of the CTB, the customized SA, and its corresponding 
moves, as well as the GA, integrated with its repair rules. Afterwards, in 
Section 4 we detail the experimental results obtained on three distinct 
testing phases, accompanied by a comprehensive outline of the experi
mental setup and the KPIs definition. Finally, concluding remarks are 
drawn in Section 5 along with directions for further extending the 
proposed methodology.

2. Literature review

In this section, we delve into the primary studies relevant to the 
Multi-Vehicle Scheduling (MVSP) and Electrified Vehicle Scheduling (E- 
VSP) Problems, which have been categorized in Table 1 and Table 2. The 
key aspects guiding the categorization of these studies include: 

• Objective Functions: We examine the specific objectives pursued in 
each study;

Table 1 
Objective functions, Constraints, and Specifications related to state-of-the-art.

Objective 
Function

Constraints & Specs

Study Minimizing Fleet Charging 
Location

Vehicle 
Technology

Number of 
Chargers

Charging 
Technology

Kliewer et al. (2006) (Kliewer et al., 2006) ST, DH, FS Multi − T − −

Pepin et al. (2009) (Pepin et al., 2009) ST, TR, FS Full − T − −

Marin Moreno et al. (2019) (Marín Moreno et al., 
2019)

DH, FS Full − T − −

Chao & Xiaohong (2013) (Chao and Xiaohong, 
2013)

CR, FS Full − E − BS

Li (2014) (Reuer et al., 2015) ST, TR, FS Full DC E, NC − F, BS
Reuer et al. (2015) (Reuer et al., 2015) TR, CR, DH, FS Full OC-T E SST F
Van Kooten et al. (2017) (Van Kooten Niekerk et al., 

2017)
DH, BD Full OC-T E SST F

Rogge et al. (2018) (Rogge et al., 2018) DH, CR, CI, FS Multi DC E − DPI
Liu et al. (2019) (Liu and Ceder, 2020) FS, CI Full OC-T E AT F
Olsen et al. (2020) (Olsen et al., 2022) TR, DH, FS Mixed OC-T E,T SST F
Jefferies et al. (2020) (Jefferies and Göhlich, 2020) FS, CI, CR, CW Full DC, OC-T E AT F
Rinaldi et al. (2020) (Rinaldi et al., 2020) TR, CR, DH Mixed OC-T E, NC ST F
Picarelli et al. (2020) (Picarelli et al., 2020) TR, CR, DH Mixed OC-T E, NC SST F
Zhou et al. (2021) (Zhou et al., 2020) TR, CR, DH, EM Mixed OC-T E, T − F
Wang et al. (2021) (Wang et al., 2021) TR, DH, CR, ST, FS Full OC-T E − F
Perumal et al. (2021) (Perumal et al., Aug. 2021) TR, DH, CW Full DC E − DPI
Sistig et al. (2023) (Sistig and Sauer, Jun. 2023) TR, DH, CW Full DC,OC-T E SST F, DPI
Parmentier et al. (2023) (Parmentier et al., May 

2023)
TR, DH, FS Full DC, OC-T E AT F, DPI

Zhou et al. (2024) (Zhou et al., Apr. 2024) TR, FS, CR, BD Full DC E SST DPI
Our Study TR, CR, DH, FS Mixed OC-T E, NC SST F

ST = Stand Time Fleet: Full, Multi − Multi-vehicles, Mixed − Mixed-fleet ​
DH = Deadheading Charging Location: DC − Depot Charging, OC-T − Opportunity Charging at Terminal
FS = Fleet Size Vehicle Technology: E − Electric, T − Traditional, NC − Non-conventional
TR = Travel Costs Number of Chargers: AT − All Terminals, SST − Sub-Set of Terminals, ST − Single Terminal
CR = Charging Costs Charging Technology: F − Fast Charging, DPI − Depot Plug-in BS − Battery Swapping
CW = Crew Scheduling ​ ​ ​ ​
CI = Charging Infrastructures ​ ​ ​ ​
BD = Battery Deprecation ​ ​ ​ ​
EM = Emissions ​ ​ ​ ​
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• Problem specifications: This encompasses crucial elements such as 
fleet composition and technology, charging infrastructure specifics 
including location and technology, and the number of charging 
stations;

• Methodology proposed: We detail the approaches utilized, including 
Mixed-Integer Programming, Column Generation, and Simulator, as 
well as heuristic and metaheuristic methodologies;

• Dataset considerations: We account for factors such as the number of 
trips, depots, bus lines, and terminals in the datasets employed.

For comprehensive references, we conducted meticulous analyses of 
up-to-date surveys such as those by (Pelletier et al., 2019) and (Perumal 
et al., 2022). In public transportation literature, vehicle scheduling 
problems have been extensively researched over the last fifty years. For 
a comprehensive overview, readers can turn to (Ceder, 2016) and 
(Ibarra-Rojas et al., 2015). In its most generic form, involving multi- 
terminals and/or multiple vehicle types, this problem showcases NP- 
hard complexity (Costa et al., 1995; Shang et al., 2023), hence moti
vating considerable research efforts in developing efficient exact and 
approximate solution algorithms. As shown by (Gintner et al., 2005; 
Kliewer et al., 2006) and (Pepin et al., 2009), the scalability of methods 
is a critical issue as well as the development of tools that run on PCs with 
common specifications, particularly when the field reaches a certain 
level of maturity. Notably, (Pepin et al., 2009) can be viewed as a 
counterpart, for traditional fleets, to our study. In this case, the focus 
was on tackling dense urban network instances of increasing magni
tudes, incorporating a comparison of metaheuristics such as tabu search 
and large neighborhood search.

Nevertheless, it is important to note that neither a quality gap 
assessment nor the inclusion of real-world instances were part of the 
study’s framework. The impact of PT electrification has gained traction 
in research in the last decade, with studies evaluating the potential 
benefits and risks arising from fleet replacement both from economic 
and operational perspectives (Fusco et al., 2013; Xylia, 2019; Lajunen, 
2014). This trend has most recently led to an increased number of 
contributions and developments in the E-VSP, both concerning full fleet 
electrification scenarios and mixed-fleet integration. Considering the 
numerous specifications that could potentially be taken into account for 
the electrified version of this problem, our review will focus on 

analyzing studies that distinctly outline research gaps. This analysis will 
encompass factors such as fleet composition, charging infrastructure, 
comparisons involving MIP comparison, as well as heuristic and meta
heuristic evaluations specifically targeted at urban-scale instances.

Mixed-Fleet. This attribute holds significance from both practical 
and theoretical perspectives, since most companies do not operate pure 
EV fleets but are gradually introducing EVs into their existing hybrid 
fleet (Goeke and Schneider, 2015). Notably, economic savings have 
been meticulously examined and quantified in prior studies (Picarelli 
et al., 2020; Rogge et al., 2018). The limitations of this full-electrified 
fleet scenario are underscored by analogous challenges found in 
related problems such as Fleet Replacement (Feng and Figliozzi, 2013; 
Bektaş et al., 2019) and Vehicle-to-Grid (Steward, 2017; Manzolli et al., 
2022; Thingvad et al., 2021). As far as our knowledge extends, only four 
earlier studies concentrate specifically on mixed-fleets of electric and 
traditional buses: (Rinaldi et al., 2020) tackle the single-terminal version 
of our problem by introducing a MILP approach for real-size instances; 
(Picarelli et al., 2020) enhance this MILP framework, considering mul
tiple terminals and employing a Time-Decomposed approach for small- 
scale instances; A further heuristic approach has been proposed by 
(Olsen et al., 2022) with feasibility and scalability as their primary ob
jectives. This study employs real-world timetables encompassing thou
sands of trips; (Zhou et al., 2020) offer a solution closest to ours. They 
suggest a single Simulated Annealing approach for managing medium- 
sized instances with up to 575 trips and 4 terminals. Notably, all ter
minals in their scenario are equipped with charging stations. In all the 
aforementioned studies, no comparisons involving MIP or metaheuristic 
approaches have been presented for evaluating quality gaps. However, 
the assessment of quality gaps, even when applied to micro instances, 
remains a pivotal aspect for evaluating the performance of proposed 
approximate approaches.

Charging infrastructure. Within the vehicle scheduling problem, 
the focus typically centers around two fundamental timetable elements: 
routes and trips. Often, for routes, Depot Charging (DC) is considered at 
the end of the route (Rogge et al., 2018; Li, 2014), and Opportunity 
Charging at terminal stops (OC-T) is linked to trips covering and lever
ages fast charging technologies. OC-T is widely used by transport com
panies and has proven to be preferable in terms of Total Costs of 
Ownership (Jefferies and Göhlich, 2020). Nevertheless, when 

Table 2 
Solution Methods and Datasets related to state-of-the-art.

Solution Method Dataset

Study MIP CG S MH H |T| |D| |L| |K| Test
Kliewer et al. (2006) (Kliewer et al., 2006) ● ​ ​ ​ ​ 7068 ​ ​ 124 Germany
Pepin et al. (2009) (Pepin et al., 2009) ​ ● ​ TS, LNS ● 1500 8 ​ ​ Random
Marin Moreno et al. (2019) (Marín Moreno et al., 2019) ● ​ ​ GA ​ 719 5 ​ ​ Colombia
Chao & Xiaohong (2013) (Chao and Xiaohong, 2013) ​ ​ ​ GA ​ 119 ​ 3 ​ China
Li (2013) (Li, 2014) ● ● ​ ​ ​ 947 ​ ​ ​ USA
Reuer et al. (2015) (Reuer et al., 2015) ​ ​ ​ ​ ● 10,702 ​ ​ ​ Real-world
Van Kooten et al. (2017) (Van Kooten Niekerk et al., 2017) ● ● ​ ​ ​ 543 ​ 3 ​ Belgium
Rogge et al. (2018) (Rogge et al., 2018) ​ ​ ​ GA ​ 200 ​ 3 ​ Germany
Liu et al. (2019) (Liu and Ceder, 2020) ● ​ ​ ​ ● 544 ​ ​ 3 Singapore
Olsen et al. (2020) (Olsen et al., 2022) ​ ​ ​ ​ ● 10,710 ​ ​ ​ Germany
Jefferies et al. (2020) (Jefferies and Göhlich, 2020) ​ ​ ● ​ ​ 4748 1 39 93 Real-world
Rinaldi et al. (2020) (Rinaldi et al., 2020) ● ​ ​ ​ ● 1008 ​ 21 ​ Luxembourg
Picarelli et al. (2020) (Picarelli et al., 2020) ● ​ ​ ​ ● 536 ​ ​ 5 Luxembourg
Zhou et al. (2021) (Zhou et al., 2020) ​ ​ ​ SA ​ 575 ​ ​ 4 China
Wang et al. (2021) (Wang et al., 2021) ​ ● ​ GA-CG ​ 145 3 3 ​ China
Perumal et al. (2021) (Perumal et al., 2021) ​ ​ ​ ​ ● 1109 ​ 13 ​ Denmark
Sistig et al. (2023) (Sistig and Sauer, 2023) ​ ​ ​ ​ ● 282 ​ 3 4 Germany
Parmentier et al. (2023) (Parmentier et al., 2023) ​ ● ​ ​ ● 800 3 6 7 Real-world
Zhou et al. (2024) (Zhou et al., 2024) ● ● ​ ALNS ● 100 4 ​ ​ Singapore
Our Study ● ​ ​ SA, GA ● 1084 ​ 10 12 Luxembourg

MIP = Mixed-Integer Programming ​ |T| = Trips
CG = Column Generation ​ ​ |K| = Terminals
S = Simulator ​ ​ ​ |D| = Depots
MH = Metaheuristic ​ ​ ​ |L| = Lines
H = Heuristic ​ ​ ​ ​ ​
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considering OC-T, it is noteworthy that not all prior studies account for a 
subset of terminals equipped with charging stations (Liu and Ceder, May 
2020; Zhou et al., 2020). This constraint reflects real-world limitations 
related to grid access, capital investment, and deadheading implica
tions. (Zhang et al., 2024) further expand this modeling dimension by 
incorporating station capacity and peak power constraints into a meta
heuristic framework. Their results show operational cost savings be
tween 7 % and 37 % when such constraints are enforced, underscoring 
the need to integrate infrastructure-aware scheduling strategies. More
over, our experiments encompass various charging infrastructure con
figurations to comprehensively examine the behavior of the proposed 
metaheuristics in relation to varying percentages of terminals equipped 
with chargers (similar experiments are shown in (Olsen et al., 2022).

MIP Comparison and Quality Gap Assessment. Quality gap 
assessment is an essential stage to evaluate the performance of an 
approximate algorithm. However, the intricacies of electrification 
introduce variables and constraints to the VSP that escalate the 
computational effort required for exact approaches. This exponential 
escalation often renders MIP models impractical even for small-scale 
instances. Only a handful of prior studies have ventured into MIP 
comparisons while proposing approximate methodologies: (Li, 2014) 
propose a vehicle-scheduling model for electric transit buses employing 
battery swapping or fast charging. This model is subsequently compared 
with column-generation-based algorithms; (Van Kooten Niekerk et al., 
2017) introduce dual models for E-VSP. The first model integrates a 
linear charging process, while the second considers various charging 
processes and integrates battery depreciation costs. Similar to the pre
vious case, these model outcomes are contrasted with a column gener
ation approach. Our study extends to the incorporation of a non-novel 
MILP model tailored to address full-scale instances. This model not only 
undergoes a rigorous scalability stress test but also engages in a 
comprehensive comparison with the heuristic and metaheuristic pro
posals applied to micro instances.

Exploring Multiple Heuristic/Metaheuristic Approaches and 
Comparisons. The evolution from exact approaches used in formalizing 
problems and controlled scenarios to approximate solution algorithms 
designed for scalability in real-world scenarios is a natural progression. 
(Chao and Xiaohong, 2013) directed their attention to the Full- 
electrified Vehicle Scheduling Problem coupled with battery swap
ping. Their aim was to minimize the demand for charging and the size of 
the bus fleet. To tackle this, they introduced a Genetic Algorithm, 
tailoring it to small-scale instances comprising 119 trips from three 
routes within the Chinese bus network. The same approach is integrated 
by (Wang et al., 2021) with a Column Generation algorithm (GA-CG). To 
comprehensively evaluate the efficacy, they pitted this against a Branch- 
and-Price approach as well as an unoriginal Adaptive Large Neigh
bourhood Search Algorithm. The methodology is then used to solve 
small instances of up to 145 trips and three lines from the China bus 
network. (Parmentier et al., May 2023) introduced a bidirectional 
pricing strategy combined with diving heuristics, solving large instances 
of up to 800 trips based on data from Montréal. Their results underline 
the competitiveness of CG-based decompositions for large-scale appli
cations. (Zhou et al., 2024) addressed the Electric Bus Charging 
Scheduling Problem in a complex bus network, featuring multiple de
pots, routes, and heterogeneous buses, as a set-covering model. For 
small instances, they apply a branch-and-price algorithm to obtain 
optimal solutions; for larger, real-world scenarios, they develop an 
optimization-based adaptive large neighborhood search (opt-ALNS). 
Integrating metaheuristic techniques with MIP approaches presents an 
intriguing synergy. (Jovanovic et al., 2023) applied a matheuristic 
variant of Fixed Set Search (FSS) to the E-VSP, combining a reduced 
search space strategy with MILP-based intensification. (Vendé et al., 
2023) address a multi-day EB assignment with overnight charging under 
depot charger constraints and battery degradation. After proposing an 
MILP formulation, they design two multi-phase matheuristics: one uti
lizing the full MILP in rolling horizon, and another industrial-style day- 

by-day approach. On 264 real-world instances, these matheuristics 
significantly outperform sequential strategies in both cost and solution 
quality. The complexities arising from electrification-related constraints 
often hinder the seamless application of pure metaheuristic moves 
without leading to infeasibility outcomes (Marín Moreno et al., 2019; 
Rogge et al., 2018). With the exception of (Zhou et al., 2020) and our 
study, prior research predominantly centered around Genetic Algo
rithms due to the integration of crossover operations, effectively cir
cumventing the aforementioned limitations. To the best of our 
knowledge, our study represents a pioneering effort introducing a 
diverse set of heuristic and metaheuristic strategies for the MFEBSP. 
Specifically, we introduce a Repeated Local Search heuristic, a Simu
lated Annealing algorithm featuring two distinct moves − one of which 
integrates a MIP model − and a Genetic Algorithm bolstered by repair 
rules. This multi-pronged approach rises to tackle larger-scale scenarios, 
beyond preceding contributions (Yao et al., 2020).

Large-Scale Scenarios, Real-World and Synthetic. The complexity 
of E-VSP instances is primarily derived from the scale of trips planned 
into the timetable. However, this attribute should not be the sole 
consideration. For instance, when we account for trip coverage, we 
demonstrate in Section I.2 of the Supplementary Materials that the 
number of terminals emerges as another critical factor. Indeed, beyond 
trip count, the number of depots, bus lines, and terminals exerts sub
stantial influence, as evident from Table 15. (Reuer et al., 2015) address 
Full-Electrified VSP including a subset of terminals equipped with 
charging stations. Their approach introduces two local search algo
rithms, enabling them to navigate thousands of trips. Notably, there is a 
lack of insight into quality gaps or the tally of terminals. (Olsen et al., 
2022) confront instances of equivalent magnitude, employing decom
position strategies to attain feasible vehicle rotations. Their work ex
tends to encompass experimentation with diverse charging 
infrastructure compositions. In the landscape of these studies, heuristic 
methodologies reign supreme, adeptly handling practical scenarios at a 
regional level. An intriguing endeavor by (Jefferies and Göhlich, 2020) 
aims to minimize fleet size, charging station count, workforce, and en
ergy requisites through the implementation of a discrete-event simula
tion tool. Their scope spans scenarios featuring up to 4748 trips, 93 
terminals, 39 bus lines, and a singular depot. However, delving into the 
realm of metaheuristic approaches sees a reduction in instance size, as 
the computational demand escalates to surmount local minima (Rogge 
et al., 2018; Liu and Ceder, 2020; Zhou et al., 2020). Despite the in
tricacies in comparing complexities due to varied settings, our case 
study seizes upon urban-sized instances, encompassing up to 1084 trips, 
12 terminals, and 10 bus lines. In doing so, we surpass previous 
benchmarks (Yao et al., 2020).

Holistic Framework. Special considerations come into play when 
investigating studies that interweave E-VSP with additional challenges, 
such as crew scheduling and optimizing charging station locations. 
(Rogge et al., 2018) present a Genetic Algorithm (GGA) designed for the 
TCO-optimized planning of depot charging for battery-powered bus 
fleets and the associated charging infrastructure. In another innovative 
approach, (Perumal et al., 2021) converge two challenges that are often 
addressed sequentially: E-VSP and Crew Scheduling, forming what is 
known as E-VCSP. To tackle this amalgamated problem, they propose an 
Adaptive Large Neighborhood Search that leverages branch-and-price 
heuristics. Echoing this approach, (Sistig and Sauer, 2023) also delve 
into the same problem and methodology, elucidating the pronounced 
influence of crew scheduling constraints on the total cost of ownership 
and the requisite vehicle count across varying electrification paradigms. 
Complementing these integrated approaches, (Kost et al., 2025) address 
the temporal variability and operational uncertainty inherent in electric 
vehicle scheduling. Kost et al. propose a MILP framework with stochastic 
travel times evaluated via Monte Carlo sampling, highlighting how 
variability in deadheading and charge reserves affects feasibility and 
robustness. While holistic models that deal with the integration of 
strategic and tactical bus planning phases can be useful in specific 
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conditions (i.e. crew costs higher than capital costs and national labour 
laws), they require constraints to be relaxed and simplified as well as 
instances size reduction due to computational limits. This often involves 
narrowing the focus to a single or few routes, as demonstrated by (Sistig 
and Sauer, 2023).

3. Research contributions

Building upon the identified research gaps, our research makes sig
nificant contributions in the following areas: 

• We address the scalability issues in the Mixed-fleet Multi-Terminal 
Electric Bus Scheduling Problem, encompassing both electric and 
hybrid buses. Previous mathematical programming approaches (e.g., 
(Picarelli et al., 2020; Rinaldi et al., 2020)) provided sub-optimal 
solutions for reduced-scale instances with partial daily timetables. 
In this context, we consider a subset of terminals equipped with 
limited charging stations, incorporating the concept of opportunity 
charging at terminals. The formulation of our objective function in
cludes fleet assignment, charging, and deadheading costs. Particu
larly, the scarcity of charging stations directly influences 
deadheading costs;

• We introduce the Chain-Trip Builder (CTB), a novel Repeated Local 
Search algorithm. This heuristic algorithm generates feasible solu
tions using stochastic and window-based strategies. CTB serves as the 
foundation for generating initial solutions for subsequent meta
heuristic approaches. We perform comprehensive hyperparameter 
tuning to identify optimal settings for parameters such as window 
size, iteration count, and probability variations. The definition of 
“window size” is provided in Section 3.2;

• We propose two tailored nature-inspired metaheuristics: Simulated 
Annealing (SA) and Genetic Algorithm (GA). While most studies, 
including (Reuer et al., 2015; Olsen et al., 2022) and (Wang et al., 
2021), primarily address challenges in large scenarios using heuris
tics or metaheuristics tailored for small instances, our research in
troduces metaheuristics that successfully yield high-quality solutions 
for urban-sized scenarios. SA leverages the best solutions derived 
from CTB and employs two distinct moves. The SA-2CM variant in
corporates the revised MILP model to reschedule two chains of trips. 
A pre-processing phase allows to reduce the instance size by 
considering only the time-slots and terminals involved by the two 
chains. On the other hand, the SA-nCH utilizes an adapted CTB to 
reschedule a number n of chains selected randomly from a trip- 
proportional range;

• To facilitate testing and evaluation, we develop two synthetic-data 
generators for micro and real-world instances. The first generator 
introduces variability by modulating power and travel time param
eters for each trip, resulting in a range of timetable shapes. The 
second generator mirrors the daily behavior of real-world timetables;

• Our research unfolds through three distinct experimental phases. 
Initially, we subject a modified version of the MILP model sourced 
from (Picarelli et al., 2020) to a stress test, identifying critical attri
butes from a computational efficiency standpoint. This examination 
is crucial for uncovering the primary contributors to complexity, as 
the prevailing literature often emphasizes the number of scheduled 
trips as the pivotal factor. Subsequently, we conduct a rigorous 
comparison between the MILP and our proposed approximate algo
rithms, focusing on assessing the quality gap between solutions. 
Indeed, prior similar works proposing heuristic and metaheuristic 
algorithms, such as (Olsen et al., 2022; Zhou et al., 2020), lack as
sessments against an optimal benchmark. Finally, we evaluate the 
performance of our metaheuristics using real-world timetables from 
the City of Luxembourg’s bus network (up to 1084 trips, 12 termi
nals, and 10 bus lines). We explore scenarios involving different 
proportions of electric buses and varied charging infrastructure 

compositions, enabling a thorough understanding of algorithm 
behavior and efficiency.

4. Methodological approach

In this section, we first present the formulation of the Mixed-Fleet 
Multi-Terminal Electric Bus Scheduling Problem, which builds on the 
model previously introduced in (Picarelli et al., 2020). Moving forward 
to Section 3.2, we delve into the introduction of the CTB algorithm, 
describing its flowchart and the hyperparameters optimization out
comes. The two nature-based metaheuristics are then detailed in Sec
tions 3.3 and 3.4. Here, we elaborate on both the variants of the 
Simulated Annealing technique – SA-2CM and SA-nCH. Then, we will 
break down the Genetic Algorithm and talk about its repair rules.

4.1. The Mixed-Fleet Multi-Terminal electric bus Scheduling problem

In this section, we formulate the problem of dispatching a mixed- 
fleet of I = {1, ..., i} electric buses and H = {1, ..., h} hybrid or conven
tional combustion buses to serve a set of scheduled trips J = {1, ..., j}
characterised each by a scheduled departure time Dj =

{
1, ..., dj

}
and 

duration Tj =
{
1, ..., tj

}
with dj, tj ∈ τ∀j and τ = [0,1, ...,N] the dis

cretisation of time in consecutive time steps, each with duration Ts. Each 
trip is further characterised by an energy requirement Uj =

{
1, ..., uj

}

[kWh], a departure and arrival terminal αj, βj ∈ B with B = {1, ..., b} the 
set of bus terminals defined in the given transportation network, 
including any depot wherein buses can be stored when not in service. We 
define a subset B ⊆ B of bus terminals equipped with m charging stations 
each. Two matrices, representing all possible deadheading trip combi
nations over the set of terminals B, are defined as Û =

{
ûbo ,bd

}
∀(bo, bd) ∈

B : o ∕= d and T̂ =
{

t̂ bo ,bd

}
∀(bo,bd) ∈ B : o ∕= d, respectively capturing the 

given deadheading trip’s required energy [kWh] and duration [time 
steps]. Binary decision variables yt

i,j and zt
h,j capture whether trip j has 

been initiated by either electric bus i or hybrid bus h at time t. Similarly, 
binary variables ωt

i,bo ,bd 
and kt

h,bo ,bd 
serve to indicate whether electric bus i 

or hybrid bus h has initiated a deadheading trip from terminal bo to 
terminal bd at time t. Diverging from the original formulation, a key 
distinction is that deadheading trips performed by conventional buses 
were not explicitly captured to limit the model’s complexity. These trips 
were instead computed in a post-processing phase. Charging events find 
expression through the variable xt

i,b,m, representing whether a charging 
event has taken place for bus i at charger m of terminal b at time t. As 
with our previous works, we assume that opportunity charging stations 
are capable of completing a full charge of the given bus fleet within a 
single time step Ts. Finally, the locations of electric and hybrid buses are 
tracked respectively by integer variables gt

i,b and pt
h,b. Table 3 and Table 4

summarise the problem’s variables and parameters.

Table 3 
Problem variables.

Description Variable Domain

1 if e-bus i is initiating trip j at time t, 0 otherwise yt
i,j {0,1}

1 if h-bus h is initiating trip j at time t, 0 otherwise zt
h,j {0,1}

1 if e-bus i is being recharged at charging station m of bus 
terminal b at time t, 0 otherwise

xt
i,b,m {0,1}

1 if e-bus i is initiating a deadheading trip ω from terminal bo 

to terminal bd at time t, 0 otherwise
ωt

i,bo ,bd
{0,1}

1 if h-bus h is initiating a deadheading trip k from terminal 
bo to terminal bd at time t, 0 otherwise

kt
h,bo ,bd

{0,1}

Total residual energy in kWh at time t for bus i εt
i [0,E]

Slack variable ensuring consistency in energy consumption st
i [0,E]

1 if e-bus i is either located at or heading towards terminal b 
at time t, 0 otherwise

gt
i,b {0,1}

1 if h-bus h is either located at or heading towards terminal b 
at time t, 0 otherwise

pt
h,b {0,1}

T. Bosi et al.                                                                                                                                                                                                                                     Computers & Industrial Engineering 213 (2026) 111782 

6 



Building upon the above-described components and variables, the 
resulting MILP formulation begins with the following objective function, 
which minimises the total operational cost of the schedule: 
∑

t

∑

i

∑

j
c • yt

i,j +
∑

t

∑

h

∑

j
ĉ • zt

h,j +
∑

t

∑

i

∑

bo

∑

bd
c • ωt

i,bo ,bd

+
∑

t

∑

i

∑

b

∑

m
qt • xt

i,b,m#(1)

where c = η1⋅Uj, ĉ = η2⋅Uj, c = η1⋅Û are weighted costs related to, 
respectively, executing trips J via electric buses, hybrid buses, and 
deadheading trips. Energy components η1, η2 convert the trip’s energy 
requirements into monetary values, with η2 including an adaptation 
coefficient to represent the different consumption rate of h-buses. The 
penalty cost term r [EUR], which in the original formulation was applied 
to quantify the delays from the planned departure time, has been 
removed such that a Just-In-Time approach (JIT) is considered (r = 0). 
The JIT approach is further considered by the approximate approaches. 
System dynamics are captured by the following constraints: 
∑

j
yt

i,j +
∑

bo ,bd∈B
ωt

i,bo ,bd
+
∑

b∈B

∑

m
xt

i,b,m ≤ 1, ∀i, t#(2)

ydj
i,j +

1
tj − 1

∑dj+tj − 1

t=dj+1

(
∑

j
yt

i,j +
∑

bo ,bd∈B
ωt

i,bo ,bd
+
∑

b∈B

∑

m
xt

i,b,m

)

≤ 1, ∀i,∀j : tj > 1#(3)

∑

j
zt

h,j +
∑

bo ,bd∈B
kt

h,bo ,bd
≤ 1, ∀h, t#(5)

zt
h,j +

1
tj − 1

∑dj+tj − 1

t=dj+1

(
∑

j
zt

h,j +
∑

bo ,bd∈B
kt

h,bo ,bd

)

≤ 1, ∀h,∀j : tj > 1#(6)

kt
h,bo ,bd

+
1

t̂ bo ,bd − 1

∑t+t̂bo ,bd
− 1

t=t+1

(
∑

j
zt

h,j

+
∑

bo ,bd∈Bk
h,bo ,bd

t
)
≤1,∀h,∀(bo, bd)∈B: t̂ bo ,bd > 1,∀t#(7)

∑

t

(
∑

i
yt

i,j +
∑

h
zt

h,j

)

= 1, ∀j#(8)

∑

t∕=dj

(
∑

i
yt

i,j +
∑

h
zt

h,j

)

= 0, ∀j#(9)

∑

i
xt

i,b,m ≤ 1, ∀m, t, b ∈ B#(10)

ydj
i,j −

εdj
i

uj + minβj∕∈B,bd∈B

(
ûβj ,bd

)
+ μ⋅E

≤ 0,∀i∀j#(11)

ωt
i,bo ,bd

−
εt

i

ûbo ,bd + μ⋅E
≤ 0, ∀i, t, (bo, bd) ∈ B#(12)

εt
0 = εi,∀i#(13)

E⋅
∑

b∈B

∑

m
xt

i,b,m −
∑

j
yt

i,j⋅uj −
∑

bo ,bd∈B
ωt

i,bo ,bd
⋅ûbo ,bd + εt

i − st
i

= εt+1
i ,∀i, t#(14)

∑

b∈B

∑

m
xt

i,b,m −
st
i

E
≥ 0, ∀i, t#(15)

1
E

⋅st
i −

1
E

⋅εt
i ≤ 0,∀i, t#(16)

∑

m
xt

i,b,m − gt
i,b ≤ 0, ∀t, i, b ∈ B#(17)

∑

j
yt

i,j +
∑

bd∈B
ωt

i,bo ,bd
− gt

i,bo
≤ 0,∀i, t, bo ∈ B, j : αj = bo#(18)

∑

j
yt

i,j +
∑

bo∈B
ωt

i,bo ,bd
− gt+1

i,bd
≤ 0,∀i, t, bd ∈ B, j : βj = bd#(19)

∑

j
yt

i,j +
∑

bo∈B
ωt

i,bo ,bd
−
(

gt+1
i,bd

− gt
i,bd

)
≥ 0, ∀i, t, bd ∈ B, j : βj = bd#(20)

∑

b
gt

i,b = 1, ∀i, t#(21)

g0
i,b =

{ 1, b = Gi

0, otherwise
,∀i, b#(22)

∑

h
zt

h,j +
∑

bd∈B
kt

h,bo ,bd
− pt

h,bo
≤ 0,∀h, t, bo ∈ B, j : αj = bo#(23)

∑

h
zt

h,j +
∑

bo∈B
kt

h,bo ,bd
− pt+1

h,bd
≤ 0,∀h, t, bd ∈ B, j : βj = bd#(24)

∑

h
zt

h,j +
∑

bo∈B
kt

h,bo ,bd
−
(

pt+1
h,bd

− pt
h,bd

)
≥ 0, ∀h, t, bd ∈ B, j : βj = bd#(25)

Table 4 
Problem parameters.

Description Parameter Domain

Total energy in kWh required to perform trip j uj R+

Preferred departure time step for trip j dj Z+

Duration in time steps of trip j tj Z+

Initial energy in kWh available for e-bus I at time 0 εi [0,E]
Energy cost for a full charge at time t qt R+

Total battery capacity in kWh for all e-buses E R+

Minimum acceptable battery charge threshold in kWh μ Z+

Departure bus terminal of trip j αj Z+

Arrival bus terminal of trip j βj Z+

Total energy in kWh required to perform a deadheading 
trip from terminal bo to terminal bd

ûbo ,bd R+

Duration in time steps of a deadheading trip from terminal 
bo to terminal bd

t̂bo ,bd
Z+

Initial location of e-bus i Gi Z+

Initial location of h-bus h Ph Z+

ωt
i,bo ,bd

+
1

t̂ bo ,bd − 1

∑t+t̂bo ,bd − 1

t=t+1

(
∑

j
yt

i,j+
∑

bo ,bd∈Bω
i,bo ,bd

t
+

∑

b∈B

∑

m
xt

i,b,m

)

≤1,∀i,∀(bo,bd)∈B : t̂ bo ,bd >1,∀t#(4)
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∑

b
pt

h,b = 1,∀h, t#(26)

p0
h,b =

{ 1, b = Ph

0, otherwise
,∀h, b#(27)

The modified formulation differs from the original version in three 
key ways. Firstly, we made modifications to the constraints associated 
with the time-decomposition, specifically equations (2) and (5), to 
address full-size instances. Secondly, we expanded the set of constraints 
related to hybrid coverage, encompassing constraints (5–7) and 
(23–25), to account for possible deadheading activities. This expansion 
overlaps with the binary variable kt

h,bo ,bd
. Additionally, we consider the 

JIT approach by eliminating delay terms from constraints (3), (6), (9), 
and (11).

Equations (2–4) govern the trip execution of electric buses. Specif
ically, (2) ensures that an e-bus can only initiate either a regular trip j, a 
deadheading trip ω, or perform a charging action at any given time, as 
long as it is not otherwise occupied. Constraints (3–4) ensure that e- 
buses remain unavailable to perform any action for the entire duration 
of, respectively, service trips and deadheading trips. Constraints (5–7) 
concern trip and deadhead execution for hybrid buses, similarly, 
ensuring that no activity can be performed concurrently as long as a 
previous service trip or deadheading is not complete. Equations (8–9) 
ensure that all trips be eventually executed by either e-bus or h-bus, and 
that no trip is executed hat no trip is executed before or after its 
scheduled departure time dj. Constraints (10–16) capture the energy 
dynamics of the e-buses, in terms of evolution of the state of charge and 
recharging events. Constraint (10) ensures that charging actions, taking 
place solely at terminals equipped with charging facilities, involve an 
individual e-bus at any given time. Constraint (11) ensures that the 
execution of a trip by an e-bus can only be performed if it has sufficient 
energy to do so, such that after performing a service trip the leftover 
energy is at least both above the minimum threshold value and bears 
sufficient spare energy to perform a single deadheading trip to the 
closest charging facility. Similarly, Equation (12) imposes that dead
heading trips can only be performed if enough energy is available and on 
condition that the minimum energy threshold is respected. Constraint 
(13) initialises the energy of each bus to the given parametric input. 
Constraint (14) captures the state of charge dynamics: the evolution of 
the available energy obeys one of four potential scenarios: if a service 
trip is executed by bus i at time t, its remaining energy will be reduced by 
the amount required for the trip performance at time t + 1. The same 
dynamic is established for deadheading trips. If a charging action is 
performed at time t, the state of charge at time t+1 will be a full charge, 

following the assumption that opportunity chargers are indeed capable 
of completely recharging a battery pack during a single time step. 
Finally, if no trip or action is performed, the energy state is maintained. 
Constraints (15–16) ensure the correct functionality of (14) by regu
lating the slack variable st

i .
Equations (17–22) govern the location dynamics of e-buses and 

Equations (23–27), similarly, those of h-buses. Equation (17) ensures 
that charging actions can only take place at a given charging station 
provided that bus i is indeed located at the appropriate terminal b. 
Constraint (18) ensures that either service or deadheading trips 
departing from a given bus terminal can only be performed by buses 
located in said terminals. Constraint (19) ensures that an e-bus location 
is updated to the arrival terminal if either service or deadheading trips 
are performed. Equation (20) guarantees that locations remain un
changed unless a trip of either kind is performed, while Equation (21) 
that e-buses must occupy a single given location at any given time. 
Constraint (22) relays the parametric initial location choice to each e- 
bus. Constraints (23–27) mimic exactly the dynamics of (17–22) for 
hybrid buses, including deadheading as a potential source of changes in 
h-bus location.

In Section I.2 of the Supplementary Materials, we demonstrate that 
the limitations of the MILP model are primarily linked to its scalability.

Specifically, while the number of constraints increases linearly with 
the number of trips, the number of variables exhibits non-linear growth, 
as illustrated in Fig. 2. This exponential growth is attributed to two main 
sets: the time slots denoted as τ and the terminals represented by set B. 
The computational complexity is particularly sensitive to the set τ, 
which discrete size is determined by the trip j with the max

(
dj +tj

)
. For 

each time slot, the model construction phase generates variables and 
constraints associated with fleet assignment, charging, and deadheading 
activities. Moreover, the number of terminals |B| significantly impacts 
the aforementioned constraints, as it multiplies the relation arcs for each 
terminal. This is why we explore multiple dimensions for the dataset, as 
discussed in Section 2. Another factor contributing to the computational 
burden is the percentage of e-buses within the fleet. The formulation 
associates a higher number of constraints and variables with these ve
hicles to establish feasible charging schedules, taking into account the 
limited autonomy of electric batteries. Due to these limitations, the MILP 
approach can effectively handle only micro instances comprising up to 
60 trips and 4 terminals within a reasonable processing time. Therefore, 
the proposal of approximate approaches becomes imperative to manage 
urban network scenarios that extend across multiple dimensions, 
encompassing trips, terminals, and bus lines.

Fig. 2. (a) Depicts the percentage trends in the number of constraints and variables as instance size increases, with a fixed proportional number of time slots. 
Notably, the number of variables exhibits exponential growth, while the number of constraints demonstrates a linear increase; (b) illustrates these trends in number 
but under the influence of randomly generated instances.
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4.2. Chain-Trip Builder: A Repeated local search

The limitations discussed in the linear programming model above 
and in Section I.2 of the Supplementary Materials emphasize the critical 
need for the development of faster heuristic algorithms capable of pre
serving high solution quality. Additionally, both of the proposed meta
heuristic approaches outlined in Sections 3.3 and 3.4 necessitate a 
robust initial foundation. An optimal starting point can significantly 
accelerate the convergence of both Simulated Annealing and Genetic 
Algorithm. For instance, when the initial population consists of in
dividuals already in close proximity to optimal solutions, GAs can yield 
positive results with fewer generations. Similarly, a well-selected initial 
solution streamlines the tuning process for SA, reducing the number of 
iterations required and enabling more precise parameter adjustments. 
Furthermore, GAs face the challenge of striking a balance between 
exploration (wide-ranging search across the solution space) and 
exploitation (focused attention on promising regions). An ideal initial 
population can bias the algorithm towards early-stage exploitation, 
thereby enhancing the likelihood of rapidly identifying exceptional so
lutions while still permitting exploration later in the optimization pro
cess. Lastly, it is worth noting that many metaheuristic methods can get 
trapped in local minima or settle for suboptimal solutions. A strong 
initial solution can aid both Simulated Annealing and Genetic Algo
rithms in commencing their search closer to the global optimum, 
significantly increasing the probability of escaping local minima and 
converging towards a global solution.

First, we introduce the feasible solution generated by the heuristic, 
referred to as a Block. The block object encapsulates a set of activated 
buses, along with their corresponding sequences of trips (chains). A 
graph visualization of a block is presented in Fig. 3. Each row in the 
visualization illustrates a sequence of feasible events associated with the 
corresponding bus code on the left. As indicated in the legend, bus codes 
can be linked to e-buses (depicted by green squares) or h-buses (repre
sented by grey squares). These events can encompass trips (blue circles), 
deadheads (orange circles), or full charges (red inverted triangles). Ad In 
terms of solution structure, there are two possible perspectives: the trip- 
based array and the bus-based block. In this study, the choice of struc
ture depends on the algorithmic approach. Both the heuristic and 

Simulated Annealing utilize the block object, whereas the Genetic Al
gorithm employs an array structure. The length of the array corresponds 
to the number of trips to cover, with each entry populated by the bus 
code assigned to that specific trip. ditionally, the x-axis represents the 
chronological distribution of these events throughout the day. The 
constructive heuristic introduced here is a Repeated Local Search 
termed the “Chain-Trip Builder” (CTB). In contrast to an Iterated Local 
Search (ILS), RLS does not leverage information from solutions gener
ated in previous iterations.

The primary objective of CTB is to construct blocks with extended 
chains of events. The idea is that longer chains can reduce the number of 
buses activated. The CTB pseudocode is presented in Algorithm 1. The 
algorithm’s workflow is outlined as follows: 

• Data Pre-processing. At the initial stage, the algorithm ingests 
either synthetic or real-world timetables. These timetables provide 
comprehensive information for each scheduled trip, including de
parture time, origin, destination, time required, and energy con
sumption. Additionally, essential supplementary data is provided, 
such as unitary costs, fleet availability, the number of terminals (with 
or without charging stations), and the quantity of charging stations. 
Some hyperparameters, such as the window size w, have been fine- 
tuned through a grid search process, and the optimal parameter 
configuration is also presented;

• Bus type selection. The heuristic iteratively scrolls the timetable to 
determine if the current trip is covered or not. This process continues 
until all scheduled trips are covered. The heuristic employs an e-bus 
or an h-bus initiation strategy based on a first probability parameter, 
denoted as p1. Three distinct bus type selection probabilities have 
been defined:

1 Uniform probability. The probability of initializing an e-bus for an 
uncovered trip is uniformly distributed over the half-open interval 
[low,high)

p1 =
1

high − low
#(28)

Fig. 3. Graph visualization of a block object, with bus codes on the left and the corresponding chain of events.
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2 V1 probability. This probability p1 is computed based on various 
factors, including the Euler number, the ratio of trips currently 
covered θ, and γ, which considers the trips covered per single e- or h- 
bus activated. As the rate of e-bus usage re increases, the likelihood of 
the total e-bus operational cost surpassing that of h-buses (owing to 
factors like charging and deadheading) also rises, consequently 
reducing the probability of selecting an e-bus

θ =
tripcovered

Tottrip
#(29)

γ =
rh

rh + re
wherere =

tripcovered,e

ebusactivated
• 100#(30)

p1 = 1 − θ • e− γ#(31)

3 Uniform þ V1 probability. The probability for bus type selection is 
set to follow the uniform probability if the number of trips covered is 
below a specific threshold δ. However, if the number of covered trips 
exceeds this threshold, the probability switches to V1. This approach 
is designed to mitigate the initial e-bus selection probability by 
covering a certain number of trips before transitioning to V1

p1 =

⎧
⎪⎪⎨

⎪⎪⎩

1
high − low

, tripcovered ≤ δ

1 − θ • e− γ , otherwise
#(32)

• Chain building. After determining the bus type, the algorithm as
signs the bus code to the currently uncovered trip, initiating the 
construction of the chain (as depicted in Fig. 4). For each current trip 
covered by the bus, the heuristic defines a certain number of po
tential feasible next trips, referred to as window. One of them is then 
selected based on a second probability, denoted as p2. This feasibility 
is defined not only in terms of temporal and spatial compatibility, 
that is, whether the arrival time and terminal of the current trip align 
with the departure time and location of a candidate next trip, but also 
by the battery energy levels of electric buses. To assess feasibility, the 
heuristic generates and evaluates a structured set of event combi
nations, as detailed in Fig. 24 of Section II of the Supplementary 
Materials. These combinations represent possible sequences of 
operational events, such as deadheading, charging, or direct 
continuation, that may be required for a vehicle to transition from 
the current trip to a candidate one. Each path in the event combi
nation tree corresponds to a distinct feasibility scenario, which is 
evaluated in terms of time compatibility, charging infrastructure 
availability, and battery state-of-charge. Only those event combina
tions that result in a valid energy trajectory (i.e., where the vehicle 
retains sufficient energy to reach and execute the next trip, poten
tially after recharging) are retained. If at least one valid combination 
exists for a given candidate trip, it is included in the feasibility 
window. If the window is not empty, p2 a probability weight for each 
trip within the window. This weight is based on three key parame
ters: the position posi of the trip within the window and the count of 
deadheading ddi and charging chi events required to cover that 
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particular trip (Eq. (33)). Notably, a higher position within the 
window and an increased number of deadheads or full charges result 
in a lower probability weight. Initially, a ranking process assigns a 
weight to each cost-efficient event combination for covering a 
feasible trip (Eq. (34)).

Subsequently, the contribution of each combination to the total 
weight determines its ranking position, thereby influencing the associ
ated probability. 

ranki = posi + ddi + chi#(33)

p2,i =
ranki

∑
i∈Wranki

#(34)

• Chain and Block generation. When no other feasible trips exist 
within the created time window, the heuristic proceeds to generate 
both the chain of trips and the corresponding detailed chain of events 
for the bus. Moreover, when all the trips scheduled in the timetable 
have been assigned, the heuristic returns the block object.

As it has been described so far, the CTB algorithm exhibits two pri
mary limitations displayed in Fig. 5.a, which were identified during 
preliminary testing. Firstly, blocks generated may contain chain breaks 
(indicated by the blue halo), associated with e-buses. Secondly, it may 
exhibit an upper triangular shape (indicated by the red halo). Both of 
these limitations contribute to an increased requirement for fleet size to 
cover the timetable. Chain breaks occur when electric buses are unable 
to reach the nearest charging stations after completing a previous trip. 
This situation arises because the original function designed to create 
feasible event combinations does not account for potential stalls at ter
minals lacking charging stations when selecting the next feasible trip 
within the window.

To address and rectify this behavior, an attribute for forecasting 
disruptions has been integrated into the event combination generation 
function. This upgrade enables the system to anticipate potential dis
ruptions, bypass the selection of the next trip, and redirect the e-bus to 
the nearest charging station for a full charge. Fig. 5.b provides an 

example of identified disruptions. Furthermore, to mitigate the afore
mentioned limitation related to block shape, a repeated approach to 
block generation has been introduced, with the aim of transforming the 
block shape from its upper triangular form into a more efficient trape
zoidal configuration. The incorporation of these features is evident in 
Fig. 5.b, where longer chains are observed, resulting in a reduction in the 
number of h-buses required.

The computational complexity of a single CTB iteration is O(|J|⋅w⋅e), 
where |J| is the number of trips to schedule, w is the predefined window 
size (i.e., number of candidate next trips evaluated at each step), and e is 
the average number of event combinations considered for feasibility (e. 
g., deadheading, charging, continuation). Since the algorithm performs 
k independent iterations and retains the best block, the total time 
complexity becomes O(k⋅|J|⋅w⋅e). In practice, the algorithm remains 
efficient due to relatively small window sizes and bounded event eval
uations. In our experimental setup (Section 4.3.1, see also Fig. 18), we 
adopt realistic parameter ranges that ensure computational tractability 
even for instances involving over 1000 trips.

The CTB algorithm is designed to generate an optimal block based on 
the provided timetable data and hyperparameter values. It allows for the 
exploration of various combinations of three key hyperparameters: the 
window size, the probability type for p1 and the number of blocks 
generated before selecting the best one. To fine-tune these hyper
parameters, we conducted experiments using small real-world instances 
comprising 257 trips and 5 terminals, two of which are equipped with 
charging stations. For a more comprehensive understanding of addi
tional parameters, refer to Section 4 of this paper. We visualized the 
results of our hyperparameter tuning using a 3D representation in Fig. 6, 
while a tabulated summary of the Grid Search data can be found in 
Table 11 of the Supplementary Materials. The grid search systematically 
explores all possible combinations of the three parameters while 
adhering to predefined ranges: the window size varies between 2 and 10 
next feasible trips, and the number of iterations considers values from 
the array [50,100,150,200]. Each node in the grid represents a specific 
combination and records the best solution score obtained during the 
search process. The results show several noteworthy behaviors: 

Fig. 4. The principle behind the chain of trips generation. Considering the arrival time of the current trip (blue rectangle), the heuristic selects one of the next 
feasible trips that have not yet been covered (grey rectangle).
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• Among the hyperparameters studied, the window size emerges as the 
most critical. The wider the window, the higher the variety of solu
tions explored and the better the best solution found, in terms of 
operational costs and fleet size. However, caution is required when 
selecting the window size, as excessively wide windows may lead to 
computational failures and prolonged processing times. Indeed, 
excessively large jumps in creating the chains can quickly deplete the 
available bus resources. It is observed that for the small instances 
considered, a window size of 7 proves to be a reasonable choice;

• The Uniform and V1 probability types consistently yield the best 
results. This indicates that initializing more e-buses at the outset 
tends to produce superior solutions;

• While the CTB algorithm significantly reduces processing times 
compared to the MILP approach, the number of blocks generated can 
influence computational efficiency. In this regard, the best combi
nation involves 100 iterations. It is worth noting that exceeding this 
iteration count does not yield any noticeable improvements.

While the CTB can function effectively as a standalone tool, as 
demonstrated in the tests discussed in Section 4, it does exhibit certain 
limitations owing to its short-sightedness and the sequential block 
construction approach. Two primary limitations are noteworthy. The 
CTB employs reactive charging, meaning that the decision to perform a 
full charge is made only when the remaining energy is insufficient for 

(a)

(b)
Fig. 5. Illustrations highlighting identified limitations of the original CTB (a) and subsequent enhancements addressing disruptions post-upgrade (b).
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the next trip, and the e-bus has adequate time to reach the nearest 
charging station before the trip’s departure time. This approach lacks 
pre-emptive charging, which could potentially restore feasibility for 
excluded subsequent trips. The second limitation lies in acknowledging 
that longer chains of trips do not necessarily translate into superior so
lutions. In fact, a chain of trips that deviates from the window constraint 
but exhibits a more optimal distribution can effectively act as a gap 
filler, reducing both the number of buses required and operational costs. 
Given these limitations, further exploration of the feasible solution space 
using metaheuristic approaches becomes imperative to avoid getting 
trapped in local minima.

4.3. Simulated Annealing: SA-2CM and SA-nCH

In this section, we present two customized versions of Simulated 
Annealing (Eglese, 1990), specifically tailored to address the challenges 
posed by the MFMTEBSP, with a primary focus on achieving scalability 
for handling large instances (Fig. 7). Several reasons support the adop
tion of this approximate approach for tackling the MFMTEBSP: 

• Promising algorithm. SA has substantiated its potential as a 
promising methodology for addressing analogous problems, as evi
denced by the empirical findings of previous research conducted by 
(Zhou et al., 2020; Ciancio et al., 2018). Nevertheless, the efficacy of 
SA is contingent upon precise hyperparameter calibration (i.e. initial 
temperature, cooling schedule type, etc.) and the design of the 
perturbation operator;

• Single-solution vs population-based algorithm. This motivation 
is mainly related to the metaheuristic comparison stage on real-size 
instances and the choice to preserve or not the solution feasibility. SA 
explores the solution space sequentially, one solution at a time, 
introducing small perturbations along the way. In contrast, GA 
operates with multiple solutions concurrently, employing processes 
like crossover and mutation. Furthermore, the acceptance mecha
nisms differ between these two methods, with SA relying on the 
probability of acceptance and GA employing a ranking-based 
approach;

• Maintaining solution feasibility. Still looking at the metaheuristic 
comparison, the crossover stage in GA frequently produces infeasible 

solutions, primarily due to constraints related to the autonomy of 
electric batteries. Conversely, the guiding principle behind the 
moves applied in the customized SA is to ensure the feasibility of 
solutions, thus obviating the need for repair rules. This principle 
aligns with the single-solution downhill approach, which relies on 
minor adjustments in the newly explored solutions.

The algorithm steps of the customized SA presented in our study 
closely mirror the conventional metaheuristic process. However, the 
primary focus of customization lies in the development of perturbation 
operators, the design of the cooling schedule, and the acceptance 
probability applied.

A detailed description of these phases follows below: 

• Data Pre-processing and CTB best solution. As previously detailed 
in Section 3.2, the CTB leverages timetabled data pertaining to 
scheduled trips and finely-tuned hyperparameters. Upon completing 
all iterations, the CTB identifies the best block, which subsequently 
serves as the initial solution for the SA algorithm;

• Perturbation. At this stage, a potentially enhancing move is applied 
to the current solution, giving rise to two distinct SA versions: SA- 
2CM and SA-nCH. While these two variations employ different 
rescheduling techniques, they share a common underlying principle: 
the selection of two or more chains of trips from the current block 
and the subsequent rescheduling of trips, resulting in a new and 
feasible permutation. This pivotal phase of the SA process will be 
analyzed further below;

• Cooling Schedule. A plethora of cooling schedules have been 
rigorously examined in the literature, ranging from linear to 
quadratic, and spanning the spectrum from additive monotonic to 
non-monotonic adaptive schedules, as evidenced in studies by 
(Nourani and Andresen, 1998; Bertsimas and Tsitsiklis, 1993). In our 
investigation, we have adopted a logarithmic curve for its distinctive 
characteristics. The logarithmic curve starts with a steep decline in 
temperature, promoting rapid convergence, and gradually tapers off 
towards the end, allowing for a more demanding exploration of the 
solution space. Additionally, we explore an alternative variant of the 
original schedule, termed Logarithmical Multiplicative Cooling, 
which incorporates a cooling acceleration factor α (Eq. (35)). This 
adaptation proves to be useful in finding an effective balance be
tween computational efficiency and the attainment of high-quality 
solutions.

Tk =
T0

1 + αlog10(1 + k)
#(35)

T0 =

∑
i:i≤k∧Δi>0Δi

|{i : i ≤ k ∧ Δi > 0}|
#(36)

Another critical parameter to consider is the initial temperature T0. 
An inaccurate calibration of this parameter can significantly impact the 
acceptance probability, leading to excessively high or low values. In our 
study, we incorporate an adaptive feature into the initial temperature 
selection process, which links it to the progress of the search (Eq.(36)). 
Initially, T0 is determined based on the instance scale to address. Sub
sequently, should the acceptance probability fall below a threshold 
(<0.1) or exceed a threshold (>0.95) over a specified number of itera
tions, the temperature is recalibrated to maintain it as the average dif
ference between the objective function values of the previous new and 
current solutions, specifically when the latter outperforms the former; 

• Acceptance Probability. When a new solution is generated using 
the perturbation operator and yields a worse objective function value 
compared to the current solution, we leverage the Δk representing 
the difference in objective function values between the two solutions, 
in conjunction with the current temperature Tk to calculate the 
probability pacc of accepting the new solution.

Fig. 6. 3D visualization of Grid Search results. Each node represents a unique 
combination of the three explored hyperparameters, along with its corre
sponding objective function value.
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pacc = e− Δk/Tk#(37)

pacc =
1

1 + eΔk/Tk
#(38)

Our preliminary tests have focused on evaluating two prominent 
acceptance probabilities: the Boltzmann and the Logistic probabilities, 
as described by Equations (37) and (38). Both of these probabilities are 
employed with equal weighting, each assigned a 0.5 probability of 
selection; 

• Exit conditions. The while loop terminates based on two exit con
ditions − the best solution remaining stagnant and reaching the 
maximum allowable number of steps. Upon discovering a new best 

solution, the stagnation counter is reset; otherwise, it is incremented 
by one.

While various evolutionary metaheuristics, such as Genetic Algo
rithms, incorporate integrated moves like crossover, Simulated 
Annealing requires the development and customization of moves 
tailored to the specific problem at hand. In the context of the Electric Bus 
Scheduling Problem, applying perturbation faces a significant challenge 
due to the limited range of electric buses and the constraints imposed by 
charging schedules. This challenge pertains to maintaining a coherent 
energy consumption pattern throughout the chain of trips. In our study, 
we have devised two moves based on the same fundamental principle: 
the rescheduling of two or more chains of trips within the current so
lution block. It is important to note that randomly permuting trips 

Fig. 7. Flowchart of the Simulated Annealing.
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between chains can result in infeasible new solutions with a high like
lihood. This is because the execution of two consecutive trips is highly 
sensitive to both time constraints and the available energy, considering 
the possibility of extra events such as deadheads and full charges. To 
address this issue, the reassignment of trips to buses within the selected 
chain must leverage tools that ensure the feasibility of the trip sequence 
in the new solution. The rescheduling principle underpinning the 
developed moves is visually explained in Fig. 8.

The main steps involve: 

• Chains selection. Entire or partial chains are randomly chosen from 
the current block. This random selection allows for the extraction of 
both heterogeneous and homogeneous sets of chains, considering bus 
type factors. This, in turn, could result in solutions with the same 
objective value but featuring rearrangements that can initiate the 
exploration of new regions in the solution space;

• Tools selection. Both moves employ customized versions of previ
ously introduced tools designed for managing individual chains. The 
SA-2CM move selects exactly two chains, which are rescheduled 
using a modified MILP model This model is implemented through the 
Python library of IBM CPLEX, and it generates an optimal 

reassignment of trips between the two selected chains. On the other 
hand, the SA-nCH move selects a random number n of chains in each 
iteration, where n is proportional to the instance size, and uses a 
heuristic approach based on the CTB algorithm to find a feasible but 
sub-optimal reassignment. These differences, both in chain selection 
and rescheduling strategy, form the core distinction between SA- 
2CM and SA-nCH;

• Integration of new chains. The newly selected chains are then 
incorporated into the block, and the resulting objective function 
value is compared to the current one.

The search properties of the SA-2CM algorithm can be examined in 
Fig. 9. The instance involves 257 trips, with a maximum stagnation set at 
20 and a maximum step limit of 100. Due to scalability concerns with 
solving exact MILP models, the number of chains selected for resched
uling in SA-2CM is fixed at two. The move consists of randomly selecting 
two chains from the current block and solving the MILP model via 
CPLEX to reassign trips in an optimal way. To reduce problem size 
before solving, a filtering step is applied that restricts the trip set to only 
the relevant time slots and terminals associated with the selected sub- 
timetable, significantly reducing the dimensions of sets T (time slots) 

Fig. 8. The underlying rescheduling principle of perturbation operators.
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Fig. 9. SA-2CM search properties. The SA-2CM selects two chains from the current block and starts the descent.

Fig. 10. SA-nCH search properties. The SA-nCH selects n chains from a trip-proportional range for each iteration.
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and B (terminals), as previously discussed in Section 3.1. Similarly, 
Fig. 10 illustrates the search properties of the SA-nCH algorithm. Here, 
the number of chains n is randomly drawn from a range proportional to 
the total number of trips (e.g., 2 to 5 for 257 trips). This range allows for 
more diverse rescheduling opportunities. Because CTB is computation
ally lightweight compared to MILP, SA-nCH can handle larger sets of 
chains per iteration. Furthermore, the variability in n helps avoid stag
nation by enabling exploration of different regions of the solution space. 
The CTB heuristic provides quick, feasible solutions, resulting in more 
dynamic search behavior characterized by sudden improvements in 
solution quality. In contrast, the gradual modulation of the range in
troduces the possibility of exploring new solution regions. This results in 
a more dynamic behavior marked by sudden, sharp improvements in the 
best solution found.

4.4. Genetic algorithm and repair rules

In this section, our focus turns to yet another metaheuristic − a 
customized Genetic Algorithm (Reeves, 1997). As with our approach to 
Simulated Annealing, the primary objective is to design a Genetic Al
gorithm capable of effectively dealing with scalability issues arising 
from urban-sized instances of the MFMTEBSP. To achieve this, GAs 
employ a highly modular composition, showcased in Fig. 11. The choice 

of a GA aligns with dual motivations, mirroring those for selecting SA. 
Firstly, GAs stand as one of the most frequently employed algorithms in 
prior literature, substantiated by various studies, including those by 

Fig. 11. Flowchart of the Genetic Algorithm.

Table 5 
Genome representation example.

Trip # Assigned bus ID Recharging? Encoded gene

1 1 N 2
2 2 N 4
3 1001 N (hybrid) 2002
4 1 N 2
5 2 Y 3

Table 6 
Key hyper-parameters of the Chain–Trip Builder.

Parameter Symbol Search range/rule Value used

Window size w 2 − 10 7
Max Iterations k {50,100,150,200} 100
Bus-type selection p1 Uniform,V1,U + V1 U + V1
Switch threshold δ {0.5,0.6,0.7} 0.7
Trip-choice weight p2, i Eq.(37 − 38) Eq.(37 − 38)
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(Chao and Xiaohong, 2013; Rogge et al., 2018; Wang et al., 2021) and 
others. Secondly, GAs represent a population-based algorithm, offering a 
contrast to single-solution approaches, which is particularly relevant for 
performance comparisons. Additionally, GAs employ an integrated 
crossover operator, which often generates infeasible solutions in its 
pursuit of escaping local minima. Consequently, the application of 
repair rules becomes necessary.

In what follows we motivate and detail how each component of the 
GA approach has been customised in order to correctly characterise the 
problem at hand: 

• Genome representation. A potential bus schedule is represented by 
a set Γ =

{
γ1,..,γj

}
∈ Z1×|J|, where each member γj captures which e- 

bus or h-bus has performed trip j ∈ J. The genome elements are next 
characterised:

γj =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

i⋅2∀j : yt
i,j = 1, t = dj

(i⋅2) − 1∀j : yt
i,j = 1, t = dj, i :

(
εt+1

i − uj
)
< μ⋅E

(1000 + h)⋅2∀j : zt
h,j = 1

#(39)

We explore three potential genetic encodings for each GA solution: 
when an e-bus i can properly perform a trip j within its charging capa
bilities, the encoded result is i⋅2. However, if the e-bus is expected to 

need recharging after completing the service trip, the encoded result is 
(i⋅2) − 1. Trips executed by hybrid buses follow a similar representation 
but are offset by a label value of 1000. For clarity, we provide an 
illustrative schedule encoding example in Table 5.

It is important to remark that this (Tables 6-8) representation does 
not consider any possible departure time delay, hence assuming θ = 0. 
As shown in Eq. (39), a genetic encoding featuring an odd e-bus IDen

tifier (ID) implies that bus i =
⌊

γj/2
⌋

must be recharged after performing 

trip j. However, this representation does not precisely dictate the time t 
at which this charging event must occur, rather imposing a softer 
constraint in the form 

∑T
t=dj+tj − 1xt

i,b,m > 0, ∀b,m, stating that at least a 
charging event must occur for bus i after the completion time of trip j. 
The specific moment of time in which this charging event occurs is 
implicitly determined by the next trip j performed by bus i, if any, as the 
problem’s fitness function, detailed later, imposes that sufficient energy 
must be available for its execution, thereby generating an additional soft 
constraint in the following form: 
∑t=dj

t=dj+tj − 1
xt

i,b,m > 0,∀b,m, dj > dj + tj − 1#(40)

• Population generation. To start the evolutionary process, an initial 
set of feasible individuals pop =

{
Γp
}

must be generated, until 
reaching a specified maximum target population size. Each individ
ual, representing a feasible bus schedule, is generated using the CTB 
heuristic. The heuristic terminates once the maximum population 
value is achieved. A well-generated population should balance both 
high-quality solutions and diversity among individuals. To ensure 
these two characteristics, preliminary experiments have been con
ducted on the CTB pool, varying the window size |W|. Results for the 
scenario involving 1084 trips are depicted in Fig. 12. To each win
dow size considered, corresponds a set of individuals generated and 
consequently a gaussian distribution. Each window size corresponds 
to a set of generated individuals and forms a Gaussian distribution. 
The results indicate that wider windows lead to flatter bell-shaped 
distributions (higher variance σ2) and lower means μ, which trans
lates to a more desirable population for the GA. Nevertheless, overly 

Table 7 
Key hyper-parameters of the customized Simulated Annealing variants.

Parameter Symbol SA-2CM SA-nCH

Chains per perturbation w 2 ∝|J|
Rescheduling engine − MILP(CPLEX) CTB
Cooling schedule − Logarithmic,Eq.(35) Logarithmic,Eq.(35)
Cooling factor α adaptive,Eq.(36) adaptive,Eq.(36)
Initial temperature T0 100 100
Max stagnation Smax 20 20
Max steps Nmax 100 100

Table 8 
Key hyper-parameters of the customised Genetic Algorithm.

Parameter Symbol Value/range

Population size Popmax 500
CTB window for pop. gen. w {0.7, 0.3,0.1}× Popmax

Desiderable fleet size Z ∝|I| + |H|

Elitism rate ρe 0.05
Parenthood probability ρp 0.9
Mutation probability ρm 0.1
Max generations Gmax 300
Stagnation limit φ 30
Repair window width a ⌈

̅̅̅̅̅
|J|

√
⌉

Crossover cut point χ U(1, |J|)

Fig. 12. Gaussian distributions corresponding to various window sizes.
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large window sizes increase the probability of failures (blocks not 
generated) and subsequently prolong the computational time 
required to reach the maximum population size. To address this 
limitation and further enhance diversity, we explore three window 
sizes, corresponding to 70 %, 20 %, and 10 % of the population size, 
during the CTB execution;

• Fitness function. To effectively rank the population, we employ a 
fitness function that needs to be minimized, taking the following 
form:

that is, the fitness of a given individual Γp is set equal to infinity 
(indicating infeasibility) if (i) scheduling conflicts arise, such that an 
individual e-bus or h-bus is assigned to multiple concurrent trips, either 
service or deadheading; (ii) location conflicts arise such that an indi
vidual e-bus or h-bus is assigned to a trip without being located in the 
appropriate terminal and no feasible deadheading trip can be per
formed; (iii) charging conflicts arise due to residual charge being 
insufficient to perform an assigned trip j. Otherwise, the following 
penalised form of objective function (1) is employed: 

υ•
(
∑

t

∑

i

∑

j
c•yt

i,j +
∑

t

∑

h

∑

j
ĉ •zt

h,j +
∑

t

∑

i

∑

bo

∑

bd
c•ωt

i,bo ,bd

+
∑

t

∑

i

∑

b

∑

m
qt •xt

i,b,m

)

#(42)

υ =

⎧
⎪⎪⎨

⎪⎪⎩

(
(|I| + |H| )

Z

)

, (|I| + |H| ) > Z

1, otherwise
#(43)

where Z represents an exogenous parameter signifying the desirable 
fleet size limit. This penalization term serves the purpose of penalizing 
the GA approach when it resorts to solutions with excessively large fleet 
sizes. However, it also allows such solutions to remain within the realm 
of feasibility, even if they are poor performers. This approach ensures 
the preservation of substantial genetic variability; 

• Parent selection and Crossover operator. When it comes to parent 
selection, the GA operates by randomly selecting two individuals 
from the population. This process is designed to guarantee each in
dividual in the population an equal chance to contribute to the cre
ation of a new offspring solution. Once these two individuals are 
chosen, they are removed from further consideration to prevent their 
repeated selection in subsequent iterations. Given a couple of parent 
individuals 

(
Γm,Γf

)
, a cut point χ is determined by performing a 

random draw from the uniform distribution U(1, |J|). The genome of 
the two parent individuals is then combined as 

follows: Γc =
{{

γ1, γ2,⋯γχ

}
∈ Γm,

{
γχ+1, γχ+2,⋯, γj

}
∈ Γp

}
#(44)

that is, the two genomes are spliced such that the first individual’s 
schedule is employed up to and including the cut point, while the second 
individual’s schedule is employed thereafter. This direct splicing might 
cause conflicts in the resulting bus schedule, hence requiring genome 
repair; 

• Genome repair operator. As the earlier introduced crossover 
operator may produce infeasible individuals (ϕ(Γc) = ∞), we have 
devised a genome repair operator. This operator employs a series of 
four sequential rules to rectify the genome of the individual, aiming 
to restore its feasibility. The application of these rules proceeds 
sequentially and stops as soon as the individual regains feasibility: 

1. Rule i. Given the cut point χ associated with the crossover oper

ator, a subset of all trips composing the individual 
[
γχ− a, γχ+a

]
is 

selected, where a is a customisable window width parameter. 
These bus/trip assignments are then randomly permutated a 
maximum of 

̅̅̅̅̅
|J|

√
times. If any of these permutations yields 

feasibility to individual Γc the procedure is halted, and the indi
vidual is considered repaired. Otherwise, the original ordering is 
restored, and the following rule is applied;

2. Rule ii. All conflicting trips j ∈ Γp are identified. For each iden

tified conflict, a h-bus is sought such that {h} :
∑

j
∑dj+tj − 1

t=dj
zt

h,j
= 0 

(the given h-bus is available to perform trip j), and the offending 
bus/trip assignment is replaced. If the available h-bus set becomes 
empty at any point in the sequence of conflicting trips, the rule 
fails, and the partly repaired individual Γp proceeds to the next 
rule. Otherwise, the fitness of the repaired individual is evaluated, 
to ensure that no charging inconsistencies arise, and (if successful) 
the individual is considered repaired;

3. Rule iii. All conflicting trips j ∈ Γp are identified. The electric bus 
fleet is expanded by one additional e-bus, which is then assigned 
to all possible potential conflicts by using the events generation 
function from the CTB. If no further potential conflicts remain, the 
individual is considered repaired, otherwise, the next rule is 
applied;

4. Rule iv. In the same vein as the previous case, we first identify all 
conflicting trips j ∈ Γp. Subsequently, we expand the conventional 
bus fleet by one additional h-bus, which is then allocated to 
address all potential conflicts. Similar to our previous approach, 
we utilize the events generation function for h-buses from the 
CTB. If, after this adjustment, no further potential conflicts 
persist, we consider the individual as successfully repaired; 
otherwise, we proceed to apply rule iii.

The order of rule execution reflects the prioritization of potential 
solutions. Rule i. is based upon the principle that rearranging a relatively 
small window of trips around a cut point can suffice to ensure that de
cisions made before the cut point do not adversely affect those made 
afterward; its design is based on the validation results of the previous 
proposed time-based decomposition scheme (Rinaldi et al., 2020), 

ϕ
(
Γp
)
=

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

+∞, ∃(i, h, t) :
∑

j

(

yt
i,j + zt

h,j +
∑

bo ,bd∈B
ωt

i,bo ,bd

)

> 1

+∞,
(
∃(i, j) : gdj

i,b ∕= αj ∧ ∄t < dj : ωt
i,b,αj

= 1
)
∨
(
∃(h, j) : pdj

h,b ∕= αj

)

+∞, ∃(i, j) : εdj
i <

(
uj + μ⋅E

)

(42), otherwise

#(41)
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wherein comparisons between solutions identified by exact and 
decomposed approaches suggested that the overlap of decisions along 
the point of decomposition are a strong source of sub-optimality. Rule ii. 
addresses conflict situations stemming from e-buses by substituting 
problematic trips with h-buses. While this remedy alleviates conflicts, it 
often results in a less favorable solution compared to maximizing the 
utilization of the electric fleet, making it a lower-ranked solution. 
Moreover, rules iii. and iv. are applied consecutively until an in
dividual’s genome is ultimately repaired. As detailed earlier, this prac
tice, however, incurs considerable penalisation in the fitness operator, as 
they increase the total fleet size potentially beyond the desired 
maximum; 

• Mutation operator. Following standard GA practices, a given per
centage of individuals in each subsequent generation undergoes 
mutation. Our proposed mutation operator identifies, for a given 
individual Γc, the hybrid bus h that performs the least number of 

trips, h* = argminh
∑

t
∑

jzt
h,j. Once all elements γj ∈ Γp :

⌊
γj
2

⌋
= h* are 

identified, a single trip j* is randomly drawn therefrom. After 
determining whether an e-bus i* that could feasibly perform trip j* is 
available, if any, the bus/trip assignment is replaced such that γj* =

2⋅i*. If no such e-bus is available, the procedure is repeated by 
considering h-buses other than h*. If no such h-bus exists, the mu
tation does not occur. This logic mimics the properties of exact so
lutions found through CPLEX, wherein the percentage of time during 
which e-buses are not idling is maximised. This mutation operator 
eventually leads to the exclusion of low-performing h-buses from the 
overall bus fleet;

Following a standard Genetic Algorithm, some hyperparameter must 
be chosen including a maximum population size Popmax, desirable fleet 
size Z, an elitism threshold ρe, a parenthood probability ρp, a mutation 
probability ρm, a maximum number of generations Gmax, a maximum 
stagnation parameter φ. The proposed algorithm operates on consecu
tive generations. At each generation, an elitism parameter determines 
the pool of potential parent individuals to be selected for breeding. For 
each non-repeating couple of parent individuals, the crossover function 
is applied in order to generate a (potentially infeasible) child individual 
Γc, which is then repaired through the genome repair operator, if 
necessary, and undergoes mutation with the given probability. Before 
merging the newly generated individuals into the overall population, a 
stagnation check is performed, by comparing the best-ranking individ
ual in the extant population and in the child set. If no improvement in 
fitness is found, a counter recording the amount of successive stagnation 
is increased, whereas if generation n provides an improvement, the 
counter is reset. The newly generated individuals are merged into the 
overall population, which is then sorted by fitness. The maximum 
population limit is upheld by culling individuals with lower rankings 
once the specified limit is reached.

5. Experimental results

This section will be structured as follows: Section 4.1 will discuss the 
case study of Luxembourg City’s bus network, including the experi
mental setup and the configuration of key hyperparameters for the 
evaluated metaheuristic algorithms. Section 4.2 will introduce the MILP 
comparison, with a specific focus on micro instances, aimed at evalu
ating the quality gap of the approximate approaches. In Section 4.3, we 
will analyze the performance of various metaheuristics across small, 
medium, and real-size instances, considering multiple fleet and charging 
infrastructure scenarios to determine the best approach.

5.1. Case study and synthetic data generation

To evaluate the performance of the optimization model and the 
proposed algorithms, we introduce two Synthetic Data Generators 
(SDGs) as detailed in Section I.1 of the Supplementary Materials. This 
step is necessary for two primary reasons: The MILP model has limita
tions when it comes to handling real-world scale instances. Conse
quently, we need a tool capable of generating consistent micro instances 
that can be effectively processed by the model. Even when real-world 
datasets are available from operators, a thorough assessment of meta
heuristic performance requires consideration of multiple fleet compo
sitions and charging infrastructure scenarios. This approach not only 
enhances the robustness of the assessment but also helps prevent data 
overfitting. Thus, the creation of a real-world instance generator be
comes essential to explore various setting scenarios.

Nevertheless, both the SDGs developed are based on datasets from 
the public transport network of the city of Luxembourg, located in the 
eponymous country. We extract regular weekday trip data for a total of 
10 lines, handled by the Autobus de la Ville de Luxembourg (AVL) 
operator, from the openly available GTFS dataset provided within the 
nation’s open data portal.1 Specifically, we consider lines 1 (Bouillon – 
Kirchberg), 16 (Gare Centrale – Aeroport), 9 and 14 (Gare Centrale – 
Cents), 10 (Gare Centrale – Steinsel), 12 (Bouillon – Dommeldange), 13 
(Gare Centrale – Centre Hospitalier), 17 (Bouillon – Monterey), 27 (Gare 
Centrale – Bertrange Belle Etoile) and 28 (Gare Centrale – Bertange 
Ecole Europeenne). This yields a total problem size of up to 10 lines, 12 
terminals, and 1084 daily trips to be scheduled. Unless otherwise 
specified, we consider charging stations to be available in four terminals 
(Gare Centrale, Bouillon, Cents, and Bertrange B.E.). A map highlighting 
the chosen lines in the city’s PT network is shown in Fig. 13.

Regardless of the SDG applied, we adopt problem parameters such as 
the two energy components η1, η2, battery pack sizing, energy cost qt

i 
following the previous research contributions of our team. We therefore 
consider a consumption rate of 1.7 kWh/km for e-buses, assuming a 
battery pack capacity of 100 kWh, while for h-buses we deal with an 
adjusted consumption rate of 2.3 kWh/km, assuming that these buses 
are in fact part of the largely adopted plug-in hybrid fleet available to the 
city’s operator, provided by Volvo Bus corporation. In order to monetise 
these values, we multiply both by a generalised cost of 0.23 EUR/kWh, 
which includes an estimation of direct and indirect costs in trip opera
tions, beyond the direct consumption components. For the sake of 
recharging, we consider energy cost to be set at 0.15 EUR/kWh. The 
implementation of all models and algorithms is conducted in Python 3.9 
using the PyCharm IDE. Our computational experiments are executed on 
a system powered by an Intel Core i7-1260P processor with 32 GB of 
RAM.

5.1.1. Key hyperparameter settings
This subsection presents a detailed summary of the key hyper

parameter configurations adopted for the metaheuristic algorithms 
evaluated in this study. For each algorithm, the relevant parameter 
names, symbols, and either their fixed values or applicable search ranges 
are provided in tabular format. These configurations were determined 
based on a combination of preliminary tuning experiments and estab
lished practices found in the literature.

Unless otherwise specified, all hyperparameter values were held 
constant throughout the experimental analysis.

5.2. MILP comparison on micro instances

In Section I.2 of the Supplementary Materials, we subject the MILP 
model to a rigorous stress test, serving as a preliminary phase for the 

1 https://data.public.lu.
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identification of critical instance attributes to be configured for the MIP 
comparison. Building upon these findings, we have defined a set of 
micro instances to assess the solution quality gap for each algorithm. 
These experiments encompass instances featuring a number of trips 
ranging from 40 to 60, with an available fleet size of 14 buses and a 
battery pack capacity of 60 kWh. For each tool, we have selected the best 
solution among ten runs. Detailed data can be found in Table 16 of the 
Supplementary Materials. The outcomes reveal the following insights: 

• MILP model. In the MILP model runs, we have set a time limit of 1 h 
and a tolerance of 5 %. However, it is worth noting that in certain 
cases, like the instances with 48 and 60 trips, the optimum gap from 
the lower bound (LB) reaches as high as 7 %. The processing times, 
along with other data such as the number of simplex iterations, 
variables, and constraints, underscore the significant complexity of 
the problem, even for instances of this size, making it challenging to 
find a solution within a reasonable time frame;

• SA-2CM. Among the approximate approaches, the SA-2CM stands 
out with the best average gap from the MILP model solutions. It even 
manages to achieve a superior optimum gap from the LB for instances 
with 54 and 60 trips (Fig. 14). The processing times required are 
significantly lower than those of the MILP model but are of a second- 
order magnitude when compared to SA-nCH, CTB, and GA (as 
depicted in Fig. 15). Notable characteristics include the higher CPU 
memory requirement, as it leverages up to 6 cores for parallel exe
cutions, and a consistent descent due to the reduced number of 
chains compared to SA-nCH, which are rescheduled at each iteration. 

In general, the SA-2CM exhibits a trend of objective function values 
that closely aligns with the MILP model, as it optimally schedules 
deadheading and charging events for each pair of chains. However, 
as we will observe in the context of real-world scenarios with a 
higher number of buses involved, the solution quality begins to 
decline;

• SA-nCH. SA-nCH emerges as the second best tool in terms of 
objective function value, trailing behind the other SA version. 
However, it takes the lead in terms of processing times, completing 
all the computations within a minute. Given the limited size of the 
available bus fleet, the number of buses employed matches that of 
the MILP model and SA-2CM. This implies that these tools primarily 
focus on optimizing the allocation of trips to the remaining buses and 
fine-tuning the scheduling of charging and deadheading events. An 
interesting behaviour, which will also be discussed in the context of 
real-world scenarios, is that increasing the number of chains 
rescheduled tends to reduce the likelihood of getting stuck in a local 
minimum. However, it is crucial to strike a balance with the accep
tance probability, as this could potentially lead to significantly 
inferior solutions as well;

• CTB. This algorithm stands out as the fastest performer, boasting an 
average processing time of just 4.57 s − a characteristic that will be 
further confirmed in our analysis of real-world scenarios. However, 
its performance seems slightly less impressive compared to the larger 
scenarios. This observation suggests a potential misalignment be
tween its constructive approach and the intricacies inherent to 
micro-level scenarios;

Fig. 13. Geographical distribution and shape of selected bus lines in Luxembourg City.
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• GA. As we will observe in the forthcoming real-world scenarios, the 
GA falls between the CTB and the SA-nCH in terms of both objective 
function values and processing time performance. When assessing 
the trends in objective values, it exhibits an irregular descent pattern 

(Fig. 16), characterized by abrupt improvements in the objective 
function scores following a certain number of population crossovers 
(Fig. 17)

Fig. 14. Trends in objective function values for the MILP model and each algorithm. The SA-2CM exhibits a nearly overlapping trend, achieving superior solutions 
(red circles) compared to the MILP model for instances with 54 and 60 trips.

Fig. 15. Trends in processing times for the MILP model and each algorithm. The MILP model exhibits processing times on a vastly different scale compared to the SA- 
2CM and the other algorithms.
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Fig. 16. Trends in objective function values over time for the MILP model and each algorithm.

Fig. 17. Objective function score trends for the 1084 trip scenario with an incremental percentage of e-buses in the fleet.

Table 9 
Parameter settings for each experiment.

Setting 1 |J| |I| + |H| |B| |B| E(kWh) % e-bus
257 20 5 2 100 Variable
628 40 5 2 100 Variable
1084 60 12 4 100 Variable

Setting 2 1084 80 12 Variable 100 50 %

Table 10 
Statistical comparison of metaheuristic performance across real-world instances.

Instance 
size

Avg. rank SA- 
2CM

Avg. rank SA- 
nCH

Avg. rank 
GA

Avg. rank 
CTB

257 trips 1.00 2.00 3.00 4.00
628 trips 1.6 1.4 3.10 3.90
1084 trips 1.6 1.4 3.00 4.00
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Statistical Validation. To assess whether the performance differ
ences among the four metaheuristics on the micro instances are statis
tically significant, we applied the non‑parametric Friedman test. This 
test ranks the algorithms within each instance and evaluates whether the 
resulting rank distributions differ. The test was applied to the objecti
ve‑function values reported in Table 16 of the Supplementary Materials 
(k=4 algorithms, N=11 instances), yielding χ2(3)=33.0, p<0.0001. 
Thus, the null hypothesis that all algorithms perform equivalently is 
decisively rejected. To determine which algorithms differ, we conducted 
a post‑hoc Nemenyi multiple‑comparison test. In this test, two algo
rithms are significantly different if the absolute difference in their 
average ranks exceeds the critical difference (CD), which in our case is 
1.48. The average ranks were: SA‑2CM = 1.05, SA‑nCH = 2.18, GA =
3.00, and CTB = 3.77. The largest difference (SA‑2CM vs CTB) is 2.72, 
which exceeds the CD. All other relevant pairwise differences also 
exceed this threshold. Therefore, the post‑hoc analysis confirms that 
SA‑2CM outperforms all other heuristics, SA‑nCH outperforms GA and 
CTB, and GA outperforms CTB. These results support the performance 
trends discussed earlier.

Up to this point, a key takeaway becomes evident. While employing 
MILP for real-sized instances might be impractical due to the extensive 
computation times, SA-2CM emerges as a highly viable alternative for 
offline runs, particularly if the processor has the capability to harness 
multiple cores for parallel optimization. Concurrently, SA-nCH and GA 
present a favorable balance between solution quality and processing 
time. Furthermore, even CTB, when situated within real-time scenarios 
involving short-term fluctuations in exogenous variables like energy 
costs, could prove to be a valuable tool, thanks to its efficiency.

5.3. Metaheuristic comparison on real-world instances

In our analysis of real-world instances, we have considered three 
distinct instance sizes, each varying in the number of trips, terminals, 
and terminals equipped with charging stations. We conducted two 
separate analyses to explore different aspects of our study. The first 
analysis involved a progressive increase of 10 % in the proportion of e- 

buses within the bus fleet. This allowed us to examine the performance 
behaviors of our tools and understand how this percentage affects 
operational costs. In the second analysis, we focused on increasing the 
percentage of terminals equipped with charging stations to assess its 
influence on deadheading and charging activity. However, this analysis 
was limited to urban-sized instances of 1084 trips. This limitation was 
necessary because with a small set of terminals, increasing the per
centage did not result in a significant change in the number of terminals 
equipped with charging stations. For this part of our study, we utilized 
the CopulaGauss SDG method, which we introduced in the Supple
mentary Materials, to generate multiple infrastructure configurations 
for urban-sized instances. Table 9 provides a comprehensive overview of 
the exogenous parameters relevant to the experiments we conducted 
(Table 10)

5.3.1. Setting 1: Variable percentage of e-buses
In these experiments, we investigate the impact of an increasing 

percentage of e-buses within the overall fleet composition. Fig. 18 il
lustrates the trends in objective function scores considering the instance 
with 1084 trips for the CTB, SA-nCH, SA-2CM, and the GA as we vary the 
fleet composition. We collected the top-performing solution from ten 
runs for each algorithm, which aggregated data for all instance sizes can 
be found in Table 17 of the Supplementary Materials. Two fundamental 
behaviors emerge from our analysis: 

• When we examine the initial and final phases of each tool’s perfor
mance, we observe a flattening of marginal gains. In instances where 
there is a significant imbalance in the fleet composition, the task of 
optimizing bus type assignments becomes straightforward, essen
tially reducing it to a scheduling exercise for charging. This occurs 
because each tool will prioritize the bus type that is in the minority. 
In contrast, with a more balanced mix of available fleets, each tool 
has greater room for manoeuvre and the variety of bus types con
tributes significantly to the overall reduction in operational costs;

• Building on the previous point, we notice a general trend charac
terized by convexity. There is a notable gap in the quality of solutions 

Fig. 18. Computational time trends for the 1084 trip scenario with an incremental percentage of e-buses in the fleet.
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found between the 30 % and 60 %-70 % thresholds of total e-buses in 
the fleet.

Additional insights can be observed from the performance of each 
proposed tool: 

• SA-nCH. SA-nCH stands out as the tool with the most favorable 
trade-off between computational time and solution quality. On 
average, it exhibits a solution gap ranging from 14 % to 16.6 % when 
compared to CTB, and a 10 % solution gap when compared to GA. 
SA-nCH excels in finding optimal solutions within the 30 %-70 % 
range of e-bus proportions. Furthermore, it minimizes fleet size 
usage, a factor that should be taken into account when evaluating 

Fig. 19. Objective function score trends and marginality gains for the SA-nCH algorithm in the 257 trip scenarios with an incremental percentage of e-buses in 
the fleet.

Fig. 20. Number of deadheads and chargings performed, buses employed, and trips covered by electric and hybrid buses at different levels of charging sta
tion deployment.
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procurement costs and the Total Cost of Ownership. It is worth 
noting that SA-2CM tends to perform better for lower or higher 
percentages due to its MILP-based approach that allows it to find 
optimal charging scheduling for each pair of chains processed. 
Another key consideration is the range of solution windows consid
ered in each iteration. A wider range demands increased computa
tional effort (Fig. 18) but also opens up possibilities to make 
substantial improvements or potentially worsen current solutions by 
venturing into remote regions. This can be a double-edged sword, 
and careful tuning of the acceptance probability is essential;

• CTB. As expected from a heuristic algorithm, CTB is the fastest 
among the tools. While its solution quality may not be the best, it can 
serve as a practical tool, particularly in scenarios where frequent 
rescheduling is required or real-time adjustments are necessary due 
to changes in various exogenous parameters, such as energy costs;

• SA-2CM. SA-2CM operates on a different computational time scale 
and is the slowest among the algorithms (as shown in Fig. 19), which 
is unsurprising given its hybridization with the MILP model. 
Nevertheless, SA-2CM emerges as the optimal choice in scenarios 
featuring 257 trips or instances where fleet mixing is limited, 
consistently delivering optimal solutions for e-bus proportions below 
30 % and above 80 %. In the scenario with 1084 trips, the 
rescheduling move has been adjusted to address the segmentation of 
two selected chains, thereby reducing the computational effort 
required by the MILP model;

• GA. The GA strikes a balance between CTB and SA-nCH. It is slightly 
faster than SA-nCH and offers superior solutions compared to CTB. 
However, the gain in computational efficiency does not sufficiently 
justify the compromise in solution quality, as its quality gap from 
CTB remains at approximately 6.4 %. Additionally, the GA employs a 
higher number of buses in comparison to SA-nCH, and this number 
escalates with the size of the timetable. This phenomenon can likely 
be attributed to the application of repair rules, which lead to an 
increased utilization of buses for resolving conflicts in infeasible 
solutions.

Statistical validation. For each large‑scale timetable we compared 
the same four metaheuristics across the same ten fleet‑composition 
levels (10 % – 100 % e‑buses), yielding related samples (k = 4, N = 10). 
Because normality cannot be assumed, we again applied the non‑para
metric Friedman test to the FO values in Table 17 of Supplementary 
Materials. The results strongly rejected the null hypothesis of equal 
performance across algorithms for all instance sizes: 257 trips (χ2(3) =

30.0,p < 0.0001), 628 trips (χ2(3) = 26.0,p < 0.0001), and 1084 trips 
(χ2(3) = 27.1, p < 0.0001). To identify which algorithms differ we 
conducted a post‑hoc Nemenyi multiple‑comparison test. With k = 4 
and N = 10, the CD is 1.48.

For the 257-trip instance, SA-2CM significantly outperformed all 
others (pairwise rank gaps ≥ 2.0 > CD). In the 628 and 1084-trip cases, 
SA-nCH held the best average rank but was statistically tied with SA- 
2CM (rank gap 0.2 < CD). Both significantly outperformed GA and 
CTB (rank gaps ≥ 1.5 > CD). The advantage of GA over CTB was not 
statistically significant.These statistical findings reinforce the qualita
tive trends discussed earlier: SA‑2CM dominates in the smallest 
large‑scale case, while SA‑nCH matches or exceeds SA‑2CM as instance 
size grows; GA offers a middle‑ground solution quality, and CTB remains 
the fastest but least effective in terms of cost minimisation. In Fig. 19, we 
depict the exploration trends of SA-nCH, specifically focusing on the 
scenario involving 257 trips, with variations in the percentage of e-buses 
(the corresponding data is summarized in Table 18 of the Supplementary 
Materials). This figure further emphasizes what we mentioned earlier 
about the gradual flattening of marginal gains. It is worth noting that the 
same pattern holds true for the scenarios involving 628 and 1084 trips; 
however, due to space constraints, we have chosen not to display those 
graphs. We can categorize these trends into two distinct groups, 

distinguished by the range of percentage improvements observed be
tween pairs of trends.

The first group spans from 10 % to 50 % of e-buses, where the 
average marginal gain for consecutive percentage increments stands at a 
consistent 15.8 %. The cumulative improvement Δ1 in the objective 
function score between the 10 % and 60 % scenarios amounts to a 
substantial 58 %. Conversely, the second group encompasses the range 
of 60 % to 100 % of e-buses. Within this range, we observe a significant 
drop in the overall improvement Δ2 to 9 %, particularly evident after the 
60 % scenario. This analysis highlights two significant observations. 
First, the choice of whether to apply a specific algorithm should be 
context-dependent. For instance, SA-2CM could serve as an offline tool 
for managing small or segmented timetables. In contrast, CTB could be 
seamlessly integrated as a real-time algorithm, capable of accommoda
ting rapidly changing exogenous trends like energy costs. Lastly, SA-nCH 
and GA demonstrate their effectiveness when dealing with real-size 
timetables. Second, as the percentage of e-buses increases, the mar
ginal gains progressively diminish. This phenomenon had already been 
highlighted in previous studies involving smaller instances and has now 
been reaffirmed in real-size scenarios. Consequently, it suggests that 
complete electrification of the bus fleet may not be economically ad
vantageous for transport company operators, especially when consid
ering other fleet or infrastructure-related costs.

5.3.2. Setting 2: variable percentage of terminals equipped with charging 
stations

In this section, we delve deeper into various charging infrastructure 
scenarios. Our aim is to explore the impact of increasing the percentage 
of terminals equipped with charging stations on KPIs, such as the 
number of deadhead and charging events, as well as the fleet size in use. 
We refrain from examining the trend in the objective function score 
across various instances, as it is intricately tied to the unitary cost values 
utilized in this study. In contrast, the count of events can yield more 
universally valuable insights. A similar experiment has previously been 
conducted by (Olsen et al., 2022) examining different scenarios that 
vary in terms of the proportion of charging stations at highly frequented 
stops within the complete set of stop points. They considered pro
portions of 10 %, 20 %, and 50 % charging stations. In our case study, we 
will increment the percentage by 10 % with respect to the number of 
terminals equipped with charging stations. We will also work with 
urban-sized instances, comprising timetables of 1084 trips generated 
using the CopulaGauss SDG method introduced in Section I.1 of the 
Suppementary Materials. Additionally, we will gather results by utiliz
ing a bus fleet composition of 50 % e-buses and hybrid buses and 
employing the SA-nCH tool, which has demonstrated superior perfor
mance in real-size scenarios.

Fig. 20 illustrates the KPIs recorded at varying charging station 
deployment percentages, as detailed in Table 19 of the Supplementary 
Materials. As expected, higher charging station coverage leads to a 
decrease in deadheads and an increase in trips performed by electric 
buses.

Additionally, we observe a reduction in the number of hybrid buses 
in service, as well as a convex trend in the number of charging events. 
Surprisingly, unlike our analysis of fleet composition, increasing the 
distribution of charging stations in our urban context seems to have a 
relatively limited impact on the KPIs considered and the overall objec
tive function scores.

Nonetheless, even a slight reduction or increase in the number of 
deadheads or charging events can yield a significant impact on solution 
feasibility, delay minimization, and operational or fixed costs when 
contextualized. Particularly, in regional scenarios where terminals with 
charging stations span vast areas, extended deadhead trips may have a 
cascading effect, influencing the feasibility of solutions and, conse
quently, the necessary fleet size and deadheading cost implications. 
Simultaneously, the utilization of technologies differing from fast 
charging can have a direct bearing on charging durations. Therefore, a 
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reduction in the number of charging events assumes critical importance 
in optimizing service quality to the maximum extent possible.

6. Conclusions

In this study, we have devised a range of heuristic and metaheuristic 
techniques tailored specifically for addressing the Mixed-Fleet Multi- 
Terminal Electric Vehicle Scheduling Problem. Our primary focus has 
been on achieving scalability for handling large instances while still 
maintaining a reasonable level of optimality. This problem is charac
terized by the use of a mixed-fleet consisting of both electric and hybrid 
buses, as well as a limited number of terminals equipped with a 
restricted number of charging stations. Consequently, it necessitates 
careful scheduling of deadheading and charging events. The proposed 
methodologies include a Repeated Local Search heuristic which gener
ates feasible solutions; a Simulated Annealing that makes use of two 
moves based on the heuristic and a MILP formulation proposed; and a 
Genetic Algorithm that employs repair rules to restore the feasibility of 
solution offspring.

We validated the performance of our approaches against an exact 
MILP formulation solved with IBM CPLEX, and conducted an extensive 
computational study over several real-world instances involving varying 
fleet compositions and infrastructure configurations. Our results 
confirm that: (i) All proposed methods approximate the optimal MILP 
solutions well in small-to-medium-sized instances, and (ii) They main
tain strong scalability for urban-scale networks, where exact methods 
are computationally infeasible. Each algorithm exhibits distinct perfor
mance characteristics, thus, selection should be informed by the specific 
operational context, performance priorities (e.g., speed vs. solution 
quality), and available computational resources.

6.1. Managerial implications

Our findings have several direct implications for transportation 
planners and transit system managers tasked with real-size fleet 
electrification: 

• While increasing the number of charging stations can reduce dead
heading and charging delays, the marginal benefit decreases beyond 
a certain coverage level. Our results suggest that strategic terminal 
placement and targeted charging infrastructure at high-traffic hubs 
may offer better cost-efficiency than uniform full-terminal coverage. 
Planners should prioritize charging density over geographical 
dispersion in early-stage deployments.

• The operational benefit of fleet electrification exhibits diminishing 
marginal returns. Adding more electric buses does not linearly 
reduce operational costs or emissions. This highlights the need for 
phased electrification guided by scenario-specific optimization 
studies. For mixed fleets, retaining a share of hybrid or alternative- 
fuel buses can act as a buffer against network disturbances or 
insufficient charging capacity.

• Our metaheuristic approaches are modular and computationally 
efficient, but differ in their suitability for operational contexts. The 
CTB heuristic is particularly well-suited for real-time decision-sup
port systems, even on limited hardware, and can be extended to 
accommodate dynamic factors such as variable energy prices. In 
contrast, SA-2CM and GA are more appropriate for planned or offline 
scheduling, where longer computation times are acceptable and 
higher-quality solutions are prioritized, such as in scenario planning 
or strategic timetable design.

• Our case study in Luxembourg City, characterized by short trip 
lengths and moderate urban density, indicates that compact urban 
areas are well-suited for early electrification. However, generaliza
tion to larger cities with higher route complexity requires caution. 
Decision-makers in such contexts should use scalable heuristics to 

simulate various configurations before committing to infrastructure 
changes.

6.2. Limitations and future research

This study’s empirical foundation is based on a single real-world 
case: Luxembourg City. Its unique characteristics, including a compact 
urban structure, low population density, and relatively short trip 
lengths, have likely influenced the scheduling dynamics, energy de
mands, and infrastructure usage patterns observed in our experiments. 
These features limit the direct generalizability of the findings to larger or 
more congested metropolitan areas, where fleet electrification faces 
different logistical and infrastructural challenges. Consequently, while 
our methods and findings are informative, they should be interpreted 
with respect to this specific operational context. To address these limi
tations and broaden the applicability of our work, future research will 
explore the following directions: (i) Introducing uncertainty models to 
account for real-time disruptions, such as delayed trip completions, 
variable energy consumption, or dynamic traffic conditions; (ii) Incor
porating more realistic, non-linear models of battery charging and dis
charging, including degradation effects over time; (iii) Embedding 
constraints and interactions arising from Smart-to-Bus Grid systems, 
especially under scenarios of limited grid capacity or variable electricity 
pricing. (iv) Alternative propulsion technologies: Expanding the model 
to include a broader mix of vehicle types, such as hydrogen-powered or 
biofuel-based buses, to reflect evolving trends in sustainable transport.

The modular design of our heuristic framework lends itself well to 
these extensions. By adapting and layering additional components, our 
methods can evolve to handle more diverse, uncertain, and dynamic 
scheduling environments in the future.
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