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a b s t r a c t 

Electrification of bus fleets in most cities is expected to rise due to its significant environmental bene- 

fits. However, electric buses have limited driving range and long recharging times. Additionally, electric 

buses require special charging infrastructure, which overall makes them less flexible than conventional 

diesel buses. Due to the limitations of the electric bus technologies, further adjustments have to be made 

to the current bus transport planning problems. The scheduling of electric vehicles is recognized as a 

fast-growing area of research. In this paper, we review 43 articles related to the electric bus technologies 

and give an overview of the different problems in the electric bus planning process ( strategic , tactical and 

operational ). The different problems are: 1) investment of electric bus fleet and charging infrastructure, 

2) placement of charging infrastructure, 3) the electric vehicle scheduling problem (E-VSP) and 4) the 

charging scheduling problem. Given a set of timetabled trips and recharging stations, the E-VSP is con- 

cerned with finding a vehicle schedule that covers the trips and satisfies the driving range and recharging 

requirements of electric buses while minimizing operational cost. A detailed literature review of the con- 

straints associated with the E-VSP and the solution approaches proposed to solve it is given. Rescheduling 

aspects or considerations of robustness for scheduling of electric vehicles is identified as a future area of 

research. Furthermore, integrated electric bus planning is considered as a crucial area of research and 

integrated approaches could further improve the efficiency of electric bus transport systems. 

© 2021 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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. Introduction 

In 2018, the United Nations (UN) reported that 55% of the world 

opulation reside in urban areas, which is estimated to be 4.2 bil- 

ion people ( United Nations, 2018 ). By 2050, 68% of the world pop-

lation is projected to be urban. The growth of the world’s pop- 

lation and urbanization requires building sustainable cities that 

rovide opportunities for social and economic development while 

educing adverse impacts on the environment. Public transporta- 

ion is recognized as a crucial backbone for sustainable urban de- 

elopment since it enhances mobility by providing infrastructure 

nd services for the safe and efficient movement of people. A sus- 

ainable transport system prevents severe traffic congestion, road 

ccidents, air and noise pollution. However, planning, operating 

nd controlling a city’s public transport system is known to be 

hallenging due to the system’s sheer size and complexity. Sev- 
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ral stakeholders namely public authorities, public transport com- 

anies and users or passengers, with different goals are involved in 

he transport planning process. The passengers usually have vary- 

ng socio-economic characteristics and expect a high level of ser- 

ice; i.e. the transport system should be safe, accessible, comfort- 

ble, affordable and provide the possibility of reaching destinations 

uickly. The objective of transport companies is to provide high 

uality service to the passengers while minimizing the overall op- 

rational cost ( Desaulniers & Hickman, 2007; Ibarra-Rojas, Delgado, 

iesen, & Muñoz, 2015 ). A public transport system is typically de- 

igned with multiple modes of transport such as tram, metro, train 

nd bus. The aim of the system is to seamlessly integrate the dif- 

erent services for a better passenger experience. 

This paper focuses on the Operations Research (OR) literature 

hat is related to improving the efficiency of bus services from the 

ompanies’ perspective. For a bus company, maintenance and fuel 

onsumption of buses is one of the main factors that contribute 

o the operational cost. Reducing the operational cost directly in- 

uences the cost for passengers and increases service attractive- 

ess for the passengers. However, bus companies are challenged 
nder the CC BY-NC-ND license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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Fig. 1. Bus transportation planning process. 
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o create cost-effective vehicle schedules for cities with large-scale 

ransport systems. The bus companies and the industry in general 

re also affected by the climate agenda initiated by government 

nd intergovernmental organizations. In accordance with the UN 

aris Agreement ( United Nations Climate Change, 2015 ), the Euro- 

ean Union (EU) aims to create a climate-neutral economy by 2050 

 European Union, 2018 ). Therefore, the EU has initiated strategies 

o reduce greenhouse gas emission, which also includes the mod- 

rnization of the transport infrastructure. Most major cities in Eu- 

ope have pledged to procure only zero-emission buses from 2025 

s part of the C40 Fossil Fuel Free Street Declaration ( C40 Cities, 

017 ). Cities around the world are moving to alternative-fuel ve- 

icles such as electric, hydrogen-gas and bio-fuel based vehicles in 

rder to create a fossil-free bus transport system ( Adler & Mirchan- 

ani, 2017; Xylia, Leduc, Patrizio, Kraxner, & Silveira, 2017 ). Particu- 

arly, the electric bus technologies have been gaining popularity in 

ecent years ( Li, 2016 ). For example, Paris and Copenhagen aim to 

lectrify all their city buses by 2025 ( Copenhagen Capacity, 2019; 

ransport & Environment, 2018 ). Therefore, planning a transporta- 

ion system with electric buses is an emerging area of research. Al- 

hough electric bus technologies provide significant environmental 

enefits, they are currently less flexible than conventional diesel 

uses ( Transport & Environment, 2018 ) because electric buses are 

nown to have limited driving ranges and long recharging times. 

Providing a bus service involves several stages of planning. They 

ange from making long-term decisions such as investment in in- 

rastructure to short-term decisions on how to execute day-to- 

ay operations. The entire planning process of bus transportation 

s computationally intractable and cannot be solved in one inte- 

rated step. Hence, it is divided into several problems which are 

olved in a sequential manner as shown in Fig. 1 . The different 

lanning problems are discussed in Desaulniers & Hickman (2007) , 

chöbel (2012) and Ibarra-Rojas et al. (2015) . The planning process 

s also similar to other transport industries such as railways (see 

.g. Lusby, Larsen, & Bull, 2018 ). The infrastructure is represented 

s a bus transportation network that describes the streets and bus 

tops of a city. In a tram or a railway system, the network rep-

esents the track system. A line is defined as a path or a route 

n the city along which a bus service is offered and the frequency 
2 
f a line refers to how often the service is offered along the line 

ithin a given time period (e.g. one hour). Borndörfer, Grötschel, & 

fetsch (2008a) and Schöbel (2012) define the line planning prob- 

em as the determination of lines and their frequencies in the net- 

ork. Moreover, Borndörfer et al. (2008a) state that the line plan- 

ing problem is the second step in the strategic planning process 

or public transport. We follow a similar structure to Borndörfer 

t al. (2008a) . In some cases such as Ibarra-Rojas et al. (2015) , the

requencies are determined in the tactical planning process. The 

ines and frequencies are determined based on forecast passenger 

emand. The demand patterns during different periods (morning, 

fternoon, evening) of operation are also taken into account while 

etermining the frequencies. Timetabling is the process of defining 

rrival and departure times at all bus stops in the city network 

n order to meet the given frequency and level of service of each 

ine. The emphasis is on passenger service and the objective, most 

ommonly, is to minimize travel or transfer times for passengers. A 

rip refers to the movement of bus between two bus stops and has 

 specific departure time and a specific arrival time. A timetable 

orresponds to a set of trips with arrival and departure bus stops 

nd times. The vehicle scheduling problem (VSP) assigns buses to 

he timetabled trips such that every trip is covered by a bus. The 

bjective is to minimize the operational cost based on bus usage. 

n a bus transportation setting, only one type of crew, i.e. the bus 

rivers, is required to perform the services, whereas drivers, con- 

uctors and catering staff are required in a train or airline setting. 

 duty is defined as the work of a bus driver for a day and the crew

cheduling problem (CSP) is concerned with determining sets of du- 

ies to cover all scheduled vehicle trips. The objective of the CSP is 

o minimize total wages paid to the drivers and the duties are sub- 

ect to a wide range of labor union rules and regulations. The crew 

ostering problem consists of constructing and assigning weekly or 

onthly work schedules (called rosters) from the anonymous daily 

uties to the available drivers. The validity of the rosters is also re- 

tricted by labor union rules and regulations. During operation of 

ransport systems, uncertain elements such as vehicle breakdowns 

r extreme weather conditions can severely disrupt the planned 

ctivities of vehicles and crew. Recovery plans and real-time control 

trategies are often implemented to reduce the impact of disrup- 

ions. 

Fig. 1 gives an overview of the different problems in bus trans- 

ortation at the strategic , tactical and operational stages. The fig- 

re is similar to the figure presented in Lusby et al. (2018) for 

ailway systems. The figure also indicates an estimate of the time 

ach planning stage is considered before the day-of-operation. The 

nfrastructure is rarely changed and potentially remains the same 

or many years. The timetabling process is typically carried out 

 year in advance and the timetables are known to be different 

n weekdays, weekends and public holidays. Public authorities are 

ften responsible for the timetabling process. The bus companies 

onstruct vehicle and crew schedules for the different timetables. 

esrochers & Soumis (1989) state that a bus company in Montreal, 

anada usually used a crew schedule for about half a year. At Ned- 

rlandse Spoorwegen, the largest passenger railway operator in the 

etherlands, the crew schedules for the annual plan are initially 

onstructed and they are modified six times a year if there are spe- 

ific changes in the timetable and vehicle schedule for a particular 

ay ( Huisman, 2007 ). Some authors (e.g. Ibarra-Rojas et al., 2015 ) 

ave, however, placed the vehicle and crew scheduling problems 

t the operational planning stage. Furthermore, an additional plan- 

ing stage called control is included to describe the real-time con- 

rol strategies and disruption management of transport systems. 

Due to the limitations and challenges of the electric bus tech- 

ologies, further adjustments have to be made to the current bus 

ransportation planning process. Bus companies have to now con- 

ider strategic decisions such as investment of electric bus fleet, 
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Fig. 2. Overview of articles on diesel and electric bus planning that are considered in this paper. 
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harging infrastructure and placement of the charging infrastruc- 

ure in the city network. We searched for articles with keywords 

vehicle scheduling”, “bus scheduling”, “electric bus” and “charg- 

ng” on DTU Findit 1 that uses several databases such as Scopus , 

cience Direct and SpringerLink . Regarding diesel bus planning, we 

elected only published articles that tackle the VSP. We briefly dis- 

uss the development of literature on the VSP since the 1980s. 

t is a relevant and interesting topic because problem character- 

stics such as multiple bus depots and multiple vehicle types have 

een extended to the electric vehicle scheduling problem (E-VSP). 

he E-VSP is concerned with assigning electric buses to a set of 

imetabled trips while satisfying their driving range and recharg- 

ng requirements. Furthermore, models and solution methods de- 

cribed in the literature on the VSP have been applied for solving 

he E-VSP. In this paper, we provide a detailed literature review of 

he solution approaches that have been proposed to solve the E- 

SP. Additionally, we survey articles for different problems such as 

nvestment strategies and charging scheduling in the electric bus 

lanning process. All problems primarily focus on minimizing op- 

rational cost. We give a thorough review of the different opti- 

ization problems related to electric bus planning and schedul- 

ng. In recent years, there has been an increased focus on integrat- 

ng two or more planning problems. For example, Huisman, Frel- 

ng, & Wagelmans (2005) , Borndörfer, Löbel, & Weider (2008b) and 

teinzen, Gintner, Suhl, & Kliewer (2010) studied the integration of 

tandard diesel vehicle and crew scheduling problems, which led 

o further cost reductions and efficiency gains for bus transport 

ystems. The integrated timetabling and vehicle scheduling prob- 

em focuses on simultaneously minimizing travel times of passen- 

ers and operational cost of vehicles (see e.g. Desfontaines & De- 

aulniers, 2018; Fonseca, van der Hurk, Roberti, & Larsen, 2018 ). 

pproaches for integrated electric bus planning have scarcely been 

eported in the literature. In this paper, we also look at the few 

rticles on the integrated electric bus planning. Fig. 2 gives an 

verview of the articles that are considered in this paper. There 

re 26 articles related to the VSP and 43 articles related to electric 

us planning. The figure also shows that research has been signif- 

cantly growing in the area of electric bus planning over the last 

ecade. In summary, the main contributions of this paper are: 1) 

n overview of the different problems in the electric bus planning 

rocess and 2) a detailed literature review of the approaches used 

or solving the E-VSP. Additionally, we also identify interesting di- 
ections for future research. 

1 https://findit.dtu.dk 

2

e

3 
The remainder of this paper is organized as follows. 

ection 2 briefly discusses the development of literature on 

he single and multiple depot VSP. The solution methods used 

o solve the problem are discussed. In Section 3 , an overview 

f the literature on the different problems in the electric bus 

lanning process is given. The section particularly focuses on the 

-VSP and the solution approaches proposed in the literature. 

uture research directions are also discussed in the section. Finally, 

ection 4 concludes the paper. 

. Diesel bus scheduling 

.1. The single depot vehicle scheduling problem 

Given a bus depot, a set of timetabled trips with departure 

nd arrival times and travel times between all pairs of bus stops, 

he objective of the single depot vehicle scheduling problem (SD- 

SP) is to find a minimum cost schedule in which each trip is 

ssigned to a vehicle. Each vehicle starts and ends at the depot 

nd performs a feasible sequence of trips. Such a sequence is re- 

erred to as a block . Each block often starts with an empty move, 

.e. a move without passengers, from the depot and ends with an 

mpty move to the depot. Additionally, empty moves are placed 

etween trips that do not end and start at the same bus stop. 

hese empty moves are often referred to as deadheads . The cost 

f a block typically includes a fixed cost and a variable cost that is 

ased on the total distance, in kilometers (km), covered by the ve- 

icle during the day. The SDVSP is known to be solvable in polyno- 

ial time ( Lenstra & Kan, 1981 ). It has been formulated as a linear

ssignment problem, a transportation problem, a minimum-cost 

ow problem, a quasi-assignment problem and a matching prob- 

em. For a detailed overview of models for the SDVSP, see Daduna 

 Paixão (1995) and Bunte & Kliewer (2009) . An auction algorithm 

or the quasi-assignment problem is proposed by Freling, Wagel- 

ans, & Paixão (2001) . Their research was primarily motivated for 

heir work on integration of vehicle and crew scheduling ( Freling, 

uisman, & Wagelmans, 2003 ), where the SDVSP is solved many 

imes to find a solution. The developed algorithm is tested on in- 

tances from bus companies in the Netherlands (RET) and Portugal 

CARRIS) that contain up to 1328 timetabled trips. The algorithm is 

xtremely fast and the instances could be solved in few seconds. 

.2. The multiple depot vehicle scheduling problem 

The multiple depot vehicle scheduling problem (MDVSP) is an 

xtension of the SDVSP, where multiple bus depots are present 

https://findit.dtu.dk
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n the city network. A vehicle schedule must start and end at 

he same depot and the number of vehicles available at each de- 

ot is restricted. The MDVSP is known to be an N P -hard prob- 

em ( Bertossi, Carraresi, & Gallo, 1987 ). To the best of our knowl-

dge, Carpaneto, Dell’amico, Fischetti, & Toth (1989) are the first 

o present an optimal solution method for the MDVSP. A mixed 

nteger programming (MIP) formulation based on an assignment 

ormulation with additional path oriented flow conservation con- 

traints is described. A branch-and-bound (B&B) algorithm is de- 

ised to solve it. Mesquita & Paixao (1992) present a single- 

ommodity flow (SCF) model with assignment variables for the 

DVSP. The set of assignment variables is used to assign a trip to a 

epot. The literature on the MDVSP is abundant (see the surveys of 

unte & Kliewer, 2009; Desaulniers & Hickman, 2007; Desrosiers, 

umas, Solomon, & Soumis, 1995 ). The MDVSP has commonly 

een formulated as a multi-commodity flow problem (MCF) or a 

et partitioning problem (SPP). 

.2.1. Multicommodity flow model 

The MCF model of the MDVSP is described in Bodin, Golden, 

ssad, & Ball (1983) and Ribeiro & Soumis (1994) . Let T be the

et of timetabled trips, K be the set of bus depots. A directed 

raph G 

k = (V k , A 

k ) denotes the vehicle scheduling network of de-

ot k ∈ K, where V k denotes the set of vertices and A 

k denotes

he set of arcs. Each vertex v ∈ V k represents a trip and an arc

i, j) ∈ A 

k indicates that trip j can be immediately covered by a 

ehicle after performing trip i . A deadhead is placed on the arc 

i, j) if the arrival bus stop of trip i is not the same as the depar-

ure bus stop of trip j. Additionally, source o k ∈ V k and sink s k ∈ V k 

ertices are created and represent the depot k ∈ K. An arc from o k 

enotes the first pull-out deadhead from the depot and an arc to 

 

k denotes the last pull-in deadhead of a vehicle to the depot. A 

ath from o k to s k represents a block. c k 
i j 

denotes the cost of arc

i, j) ∈ A 

k and the binary decision variable y k 
i j 

indicates if a vehicle

rom depot k ∈ K covers trip j immediately after trip i or not. Let 

 k be the maximum number of vehicles available at depot k ∈ K. 

he MCF model is as follows: 

inimize 
∑ 

k ∈ K 

∑ 

(i, j) ∈ A k 
c k i j · y k i j (1) 

ubject to ∑ 

k ∈ K 

∑ 

j :(i, j ) ∈ A k 
y k i j = 1 ∀ i ∈ T (2) 

∑ 

j:( j,i ) ∈ A k 
y k ji −

∑ 

j :(i, j ) ∈ A k 
y k i j = 0 ∀ i ∈ V 

k \{ o k , s k } , k ∈ K (3) 

∑ 

j :(o k , j ) ∈ A k 
y k 

o k j 
≤ v k ∀ k ∈ K (4) 

 

k 
i j ∈ { 0 , 1 } ∀ (i, j) ∈ A, k ∈ K. (5) 

The objective of the MDVSP, given by (1) , is to minimize the 

ost of vehicle schedule. Constraints (2) ensure that each trip is 

overed exactly once. Flow conservation and depot capacity con- 

traints are given by (3) and (4) respectively. 

Bertossi et al. (1987) propose a Lagrangian heuristic in which 

he trip covering constraints (2) are relaxed. Lamatsch (1992) de- 

elop a Lagrangian heuristic where the flow conservation con- 

traints (3) are relaxed instead. Forbes, Holt, & Watts (1994) solve 

he MCF model using a B&B algorithm. Löbel (1998) solve the lin- 

ar programming (LP) relaxation of the MCF model by column gen- 

ration method. A new technique is devised that is based on La- 

rangian relaxations of the MCF model. The method is called La- 

rangian pricing that generates arc variables for the master problem 

f the column generation method. 
4 
Typically, the underlying network of the MCF model is a 

onnection-based network, where the vertices in the network rep- 

esent the trips and a pair of trips is connected by an arc if they

re compatible with respect to time and space. However, Kliewer, 

ellouli, & Suhl (2006) formulate a MCF model that is based on a 

ime-space network structure. In the time-space network, each ver- 

ex corresponds to a arrival/departure time and arrival/departure 

us stop of the trip. The network avoids the drawback of explicit 

onsideration of all possible connections between compatible trips. 

ig. 3 shows an example to differentiate the connection and time 

pace based networks for a single depot. A network is created for 

ach depot in the multiple depot problem. Kliewer et al. (2006) ap- 

ly an aggregation procedure for reducing the number of deadhead 

rcs without losing any feasible vehicle schedule. A commercial 

IP solver is used to solve the resulting MCF model. 

Recently, Kulkarni, Krishnamoorthy, Ranade, Ernst, & Patil 

2018) present a new MCF formulation, known as an inventory for- 

ulation, to model the MDVSP. In the inventory formulation net- 

ork, only the arrival times and arrival locations of trips are de- 

oted as vertices. Each compatible pair of trips is connected by 

 so-called inventory arc. A column generation based heuristics is 

pplied to the inventory formulation. 

.2.2. Set partitioning model 

Ribeiro & Soumis (1994) formulate the MDVSP as a set parti- 

ioning problem (SPP) with side constraints. A block is defined to 

e the schedule of a vehicle and B denotes the set of all feasible

locks. The cost of a block b ∈ B is denoted c b . Binary matrix A 

1 is

efined, where a 1 
tb 

is equal to 1 if block b ∈ B covers trip t ∈ T and

 otherwise. Binary matrix A 

2 is defined, where a 2 
kb 

is equal to 1 if 

lock b ∈ B belongs to depot k ∈ K and 0 otherwise. As previously 

efined v k is the maximum number of vehicles available at depot 

 ∈ K. Binary variable y b indicates if block b ∈ B is selected as part

f the schedule or not. This results in the following model: 

inimize 
∑ 

b∈ B 
c b · y b (6) 

ubject to 
∑ 

b∈ B 
a 1 tb · y b = 1 ∀ t ∈ T (7) 

∑ 

b∈ B 
a 2 kb · y b ≤ v k ∀ k ∈ K (8) 

 b ∈ { 0 , 1 } ∀ b ∈ B. (9) 

The objective function, given by (6) , is to minimize the total 

ost. Set partitioning constraints (7) impose that each trip is cov- 

red by exactly one vehicle, and constraints (8) ensure that the 

umber of vehicles available per depot is restricted. 

The formulation (6) –(9) cannot be handled explicitly with all 

easible blocks. Column generation is commonly used to tackle 

roblems with a large number of variables. The integrality con- 

traints (9) are relaxed and the problem decomposes into a mas- 

er problem and one or more subproblems . The master problem is 

nitialized with a subset of variables (or columns) and is referred 

o as restricted master problem (RMP). The subproblems are re- 

ponsible for generating columns that are not included in the RMP 

ut which have the potential to decrease the RMP’s objective value. 

e refer the reader to Lübbecke & Desrosiers (2005) for more de- 

ails on column generation. Ribeiro & Soumis (1994) are the first 

o propose column generation for the MDVSP. A subproblem is de- 

ned for every depot that is formulated as a shortest path problem 

nd the authors solve it by dynamic programming. A branch-and- 

rice (B&P) method is implemented that uses depth-first search 
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Fig. 3. An example to illustrate the difference between (a) connection and (b) time space based networks for a single depot. 
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s the branching strategy. Hadjar, Marcotte, & Soumis (2006) de- 

ise a B&B algorithm that combines column generation, variable 

xing and cutting planes. Oukil, Amor, Desrosiers, & El Gueddari 

2007) present a stabilized column generation approach for the 

DVSP, which efficiently handles highly degenerate instances. 

.2.3. Multiple vehicle types 

One practical extension of the MDVSP is the multiple vehicle 

ypes vehicle scheduling problem (MVT-VSP). The MVT-VSP con- 

iders different vehicle types such as standard, double-decker and 

rticulated buses that have different seating capacity, fixed and op- 

rational costs. In-vehicle overcrowding or under-utilization of the 

eating capacity are more likely to occur in a homogeneous fleet 

ystem. The application of multiple vehicle types improves the re- 

iability of operating under fluctuating passenger demand and re- 

ucing operational cost ( Ceder, 2011 ). The number of buses of each 

ehicle type is limited and the problem is N P -hard for the single 

epot case ( Lenstra & Kan, 1981 ). Bodin et al. (1983) formulate the

VT-VSP as a MCF model for the single depot case. Let H be the 

et of vehicle types and a network is created for each vehicle type 

 ∈ H in the MVT-VSP. For the multiple depot case, a network is 

reated for each depot-vehicle type combination (see e.g. Gintner, 

liewer, & Suhl, 2005; Kliewer et al., 2006 ). In practice, the MVT- 

SP also includes timetabled trip-vehicle type restrictions, which 

mply that each trip can be serviced by only a subset of vehicle 

ypes ( Ceder, 2011; Kliewer et al., 2006 ). 

Ceder (2011) develops an optimization framework to study the 

rade-off between service level and cost. Each timetabled trip has 

 minimum service level requirement that includes characteristics 

uch as degree of comfort, seat availability and other operational 

eatures. It is shown that if all the trips are covered by the most 

uxurious vehicle type with the highest cost then the resulting so- 

ution has lower number of buses with a very high cost. However, 

his solution is used as lower bound on the fleet size by a heuris-
5 
ic procedure that searches for the best solution with minimal cost 

nd satisfies the minimum service requirements for all trips. 

.2.4. Heuristic approaches 

Several heuristic solution approaches have been proposed in the 

R literature to solve the MDVSP. One of the first heuristics to be 

uccessfully used in practice is the so-called concurrent scheduler 

hat is proposed by Bodin, Rosenfield, & Kydes A (1978) . The con- 

urrent scheduler is designed to be a “greedy” heuristic that con- 

iders trips in increasing order of departure time and assigns a trip 

o an existing vehicle based on minimum deadhead time. If a feasi- 

le assignment of a trip to an existing vehicle does not exist, then 

 new vehicle is created, and the trip is assigned to the new vehi- 

le. Dell’Amico, Fischetti, & Toth (1993) suggest a polynomial time 

euristic algorithm that guarantees the use of the minimum num- 

er of vehicles. A sequence of shortest path problems is first solved 

o build a good quality solution and then different refinement pro- 

edures are applied to improve the solution. 

Costa, Branco, & Pinto Paixio (1995) present a MCF and a SPP 

ormulation for the MVT-VSP. The LP solution is found for both the 

ormulations and if the solution is not integer then a heuristic pro- 

edure is applied to transform the solution into a feasible solution. 

 column generation procedure is applied to find the optimal LP 

olution of the SPP model. For majority of the problems with less 

han 100 trips, the optimality gap associated with the heuristic is 

ess than 1%. Gintner et al. (2005) consider solving large multiple- 

epot multiple-vehicle type scheduling problem for real-world ap- 

lications. The authors apply the time-space network model that 

as proposed by Kliewer et al. (2006) . A heuristic approach called 

s fix-and-optimize is implemented that involves fixing some se- 

uences of trips prior to solving the large problem with a com- 

ercial MIP solver. 

Pepin, Desaulniers, Hertz, & Huisman (2009) compare the per- 

ormance of five different heuristics for the MDVSP, namely, a trun- 

ated branch-and-cut method, a Lagrangian heuristic, a truncated 
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Table 1 

Overview of the literature on the MDVSP. Model: MCF-multi-commodity flow problem, SCF-single-commodity flow problem and SPP-set partitioning prob- 

lem. Solution method: MIP-mixed integer programming methods, CG-column generation, MH-metaheuristics and H-heuristics. Dataset: | K| -number of 

depots, | H| -number of vehicle types, | T | -number of timetabled trips and Test-random or real-world instances. Other abbreviations: B&B-branch-and-bound, 

TS-tabu search, LNS-large neighbourhood search, ILS-iterated local search and GA-genetic algorithm. 

Authors Model Solution method Dataset Remarks 

MIP CG MH H | K| | H| | T | Test 

Bertossi et al. (1987) MCF • 3 1 50 Random Lagrangian heuristics 

Lamatsch (1992) MCF • 2 1 215 Real-world Lagrangian heuristics 

Dell’Amico et al. (1993) • 10 1 1000 Random 

Forbes et al. (1994) MCF • 3 1 600 Random B&B algorithm 

Ribeiro & Soumis (1994) SPP • 6 1 300 Random 

Costa et al. (1995) MCF, SPP • • 1 3 63 Real-world 

Löbel (1998) MCF • 9 10 24,906 Germany Lagrangian pricing 

Kliewer et al. (2006) MCF • 5 1 7068 Germany Time-space network 

Hadjar et al. (2006) SPP • 7 1 2100 Canada 

Gintner, Kliewer, & Suhl (2008) MCF • 18 12 11,062 Germany Variable fixing 

Pepin et al. (2009) MCF, SPP • • • 8 1 1500 Random Lagrangian heuristics, TS, LNS 

Laurent & Hao (2009) • 8 1 1500 Random ILS 

Kulkarni et al. (2018) MCF • 16 1 3000 Random Inventory formulation 

Marín Moreno et al. (2019) SCF • 2 1 719 Colombia GA 
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olumn generation method, a large neighbourhood search (LNS) 

euristic and a tabu search (TS) heuristic. In the heuristic branch- 

nd-cut method, a commercial MIP solver is used to solve the 

CF formulation of the MDVSP and is terminated when an inte- 

er solution is found. The Lagrangian heuristic is similar to that of 

amatsch (1992) . In the heuristic version of the column generation 

ethod, an early termination criterion is used where the column 

eneration process is halted if the RMP objective value remains 

nchanged or shows marginal improvement for a certain num- 

er of iterations. To find an integer solution, a depth-first branch- 

ng strategy without backtracking is used and variables y b in the 

MP that take up fractional values greater than or equal to 0.7 

re rounded up to 1 at each node of the B&B tree. For the LNS

euristic, part of the current solution is destroyed at each iteration 

nd reoptimized using the column generation heuristic. Laurent & 

ao (2009) devise an iterated local search (ILS) algorithm for the 

DVSP. The ILS algorithm employs a “block moves” neighbourhood 

chema that aims at passing good properties of a solution on to its 

eighboring solutions. The auction algorithm ( Freling et al., 2001 ) 

s used for generation of the initial schedule. Marín Moreno et al. 

2019) present a matheuristic that is a combination of a genetic 

lgorithm (GA) and a commercial MIP solver. The SCF model is 

sed with assignment variables that was presented by Mesquita 

 Paixao (1992) . 

Table 1 gives an overview of the literature on the MDVSP. The 

olution methods used for solving the MDVSP can be categorized 

nto four methods: 

1. mixed integer programming (MIP) methods that involve appli- 

cation of B&B methods or a commercial MIP solver such as 

CPLEX to obtain optimal solutions, 

2. column generation (CG) approaches, 

3. metaheuristics (MH) and 

4. heuristics (H) such as Lagrangian heuristics or a specialized 

heuristic procedure for the MDVSP. 

Notably, Löbel (1998) and Kliewer et al. (2006) succeeded in 

olving real-world instances from Germany to optimality involving 

p to 8563 and 7068 timetabled trips respectively. The variable fix- 

ng heuristic proposed by Gintner et al. (2005) was tested on large 

nstances from Germany that involved up to 11,062 timetabled 

rips, 18 depots and 12 vehicle types. The variable fixing heuris- 

ic was able to provide a high quality solution in reasonable com- 

utation time for the large instance. Pepin et al. (2009) tested the 

ve heuristics on randomly generated instances with up to 1500 

rips and four depots. It was concluded that the column generation 
6 
euristic produces the best quality solutions when sufficient com- 

utational time is available and the LNS combined with column 

eneration heuristic is the best alternative to obtain faster solu- 

ions without significantly compromising solution quality. 

. Electric bus scheduling 

The use of electric buses requires special charging facilities 

hich have to be accommodated into the current infrastructure. 

he different charging technologies are: 

1. slow plug-in chargers installed at bus depots, 

2. fast plug-in or pantograph chargers installed at terminals of bus 

lines or at bus stops, 

3. overhead contact lines or inductive (wireless) chargers that are 

used to recharge buses during driving, and 

4. battery swapping. 

See Chen, Yin, & Song (2018) ; Häll, Ceder, Ekström, & Qut- 

ineh (2019) ; Li (2016) and Pelletier, Jabali, Mendoza, & Laporte 

2019) for a detailed description of the different char ging technolo- 

ies. From the literature, we find that there are different problems 

elated to the use of electric bus technology and they are: 

1. investment of electric bus fleet - the number of vehicles to pur- 

chase and their battery capacities. 

2. investment of charging infrastructure - deciding on the charg- 

ing facility (such as plug-in, battery swapping) to deploy and/or 

the number of chargers to purchase. 

3. placement of charging infrastructure - cost effective placement 

of chargers in depots, terminals or bus stops in the city net- 

work. 

4. electric vehicle scheduling - assigning electric buses to a set of 

timetabled trips. 

5. charging scheduling - optimizing the charging cost based on 

time-of-use electricity prices and the power load at charging 

stations. 

6. integrated electric bus planning - integrate the electric bus 

technology with other planning problems such as line planning, 

timetabling or crew scheduling. 

In this paper, we primarily focus on the electric vehicle 

cheduling problem (E-VSP), which is an extension of the VSP. The 

bjective of the E-VSP is to minimize the total operational cost 

hat is comprised of fixed cost per vehicle and variable cost, which 

ncludes energy cost per kilometer (see e.g. Adler & Mirchandani, 

017; Li, 2013 ). 
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.1. Investment of electric bus fleet and charging infrastructure 

The installation cost and the charging power in kilowatts (kW) 

f the different charging technologies are known to vary. Depot 

lug-in chargers have a low installation cost and a low charg- 

ng power, whereas pantograph chargers have a high installation 

ost and a high charging power. Pelletier et al. (2019) state that 

 slow plug-in charger installed at depot has a charging power 

f 50 kilowatt. A fast plug-in charger installed at a line terminal 

as a charging power of 120 kilowatt. A pantograph charger can be 

nstalled at intermediate bus stops and has a charging power of 

00 kilowatt. Chen et al. (2018) investigate the cost competitive- 

ess of different types of charging infrastructure such as charg- 

ng stations at terminals, charging lanes (inductive chargers) and 

attery swapping. The optimal size of the electric bus fleet is de- 

ermined as well as their battery capacity, which is measured in 

erms of kilowatt-hour (kWh). Electric buses with large battery 

ackages are known to be more expensive, but have a longer driv- 

ng range. Therefore, Chen et al. (2018) aim to minimize the to- 

al costs, which consists of the infrastructure cost (i.e. deploying 

ost of charging facilities) and the investment cost in the bus fleet. 

he total investment cost and the operational cost within a de- 

ned time period is referred to as total cost of ownership (TCO) 

 Rogge, van der Hurk, Larsen, & Sauer, 2018 ). The authors conduct 

n empirical analysis utilizing real-world data from a bus com- 

any in Los Angeles, USA. The results suggest that the cost com- 

etitiveness of different charging infrastructure greatly depends on 

he service frequency, circulation length and operating speed of a 

ransport system. For a system with high operating speed and low 

ervice frequency, swapping stations tend to yield a lower total 

ost than charging lanes and charging stations. To make charging 

anes more competitive, their unit-length construction cost needs 

o be reduced or their charging power has to be enhanced. Charg- 

ng stations are cost competitive only for systems with very low 

ervice frequency and short circulation. 

Pelletier et al. (2019) present an electric bus fleet transition 

roblem that determines bus replacement plans for transport com- 

anies to meet their electrification targets in a cost-effective way. 

iven different electric bus types and charger types, the problem 

onsiders investment decisions such as the number of buses per 

us type and the number of chargers per charger type to pur- 

hase during the years 2020–2050. The battery capacity of buses 

aries from 110 to 650 kilowatt hours. A 110 kilowatt hours elec- 

ric bus is estimated to have a driving range of 90 kilometer and 

 650 kilowatt hours electric bus has a driving range of approx- 

mately 370 kilometer. The authors assume that it takes approx- 

mately 13 hours to fully recharge a 650 kilowatt hours electric 

us with a 50 kilowatt depot charger. The strategic bus fleet re- 

lacement problem is analyzed based on data obtained from a 

us operator in France. The results suggest that electric buses 

ith medium-sized batteries (250 kilowatt hours) charged at de- 

ots overnight and at bus line terminals with fast plug-in chargers 

uring the day are chosen consistently during the period. Large- 

ized batteries (650 kilowatt hours) also present a promising busi- 

ess case in the longer term. The articulated CNG buses are sug- 

ested to the be the most cost-effective intermediate alternative to 

rticulated diesel buses until battery prices fall significantly. 

We briefly describe the mathematical model presented in 

elletier et al. (2019) . Let S be the set of bus types and let S E ⊆ S

enote the subset of bus types that are electric. Let P be the set of

eriods in the planning horizon and p g ∈ P be the target period at

hich point at least a proportion η of the fleet should consist of 

lectric buses. All periods t ≥ p g in the planning horizon should re- 

pect the target η. Let R be the set of types of tasks. A task can be

ategorized by its operational characteristics such as distance and 

uration of daily operations, and typical weight of the loads to be 
7 
arried. The demand is denoted by parameter q pr that describes 

he number of buses to be assigned to task type r ∈ R during pe-

iod p ∈ P . Let a s be the number of buses of type s at the start of

he planning horizon. A binary parameter l s pr takes a value of 1 if a 

us of type s can be assigned to task type r during period p. More- 

ver, let γ s 
pr be the operating cost incurred when a bus of type s 

xecutes a task type r during period p. Let αs 
p be the purchase cost 

f bus type s at the start of period p. Buses can be salvaged during

he planning horizon and parameter ρs 
p indicates the salvage value 

f a bus of type s ∈ S retired at the start of period p ∈ P . 

Let CT be the set of charger types used to recharge electric 

uses in the fleet. An electric bus of type s can be recharged by all

harger types given in the set C s ⊆ CT . The proportion of chargers 

f type c ∈ CT with respect to the total number of electric buses of

ypes { s ∈ S E | c ∈ C s } in the fleet must remain above θ c at all times.

et e c be the number of chargers of types c ∈ CT at the start of

he planning horizon. Let π c be the purchase cost of charger type 

 ∈ CT and let d c be the amount of power in kilowatt that charger

ype c receives from the grid. Demand charges of β cost per kilo- 

att are taken into account while calculating the operating cost. 

 budget b p is available for purchases of vehicles and charging in- 

rastructure at the start of the period p ∈ P . 

There are six sets of decision variables. Integer variable u c p in- 

icates the number of chargers of type c ∈ CT purchased and in- 

talled at the start of period p ∈ P and integer variable v c p gives

he number of chargers of type c available during period p. Integer 

ariable x s p indicates the number of buses of type s ∈ S purchased 

t the beginning of period p ∈ P . Integer variable w 

s 
p indicates the

umber of buses of type s salvaged at the beginning of period p. 

nteger variable y s p indicates the number of buses of type s avail- 

ble in period p and integer variables z s pr indicate the number of 

uses of type s assigned to task type r ∈ R in period p. The de-

cribed notation is local to this model. 

Minimize 
∑ 

p∈ P 
∑ 

s ∈ S 

(
αs 

p · x s p − ρs 
p · w 

s 
p + 

∑ 

r∈ R γ
s 
pr · z s pr 

)

+ 

∑ 

p∈ P 
∑ 

c∈ CT (π
c · u 

c 
p + β · d c · v c p ) 

(10) 

ubject to 
∑ 

s ∈ S E 
y s p ≥ η

∑ 

s ∈ S 
y s p ∀ p ∈ P | p ≥ p g (11) 

∑ 

s ∈ S 
z s pr = q pr ∀ r ∈ R, p ∈ P (12) 

 

s 
pr ≤ l s pr · y s p ∀ s ∈ S, r ∈ R, p ∈ P (13) 

∑ 

r∈ R 
z s pr = y s p ∀ s ∈ S, p ∈ P (14) 

 

s 
1 = x s 1 + a s − w 

s 
1 ∀ s ∈ S (15) 

 

s 
p = y s p−1 + x s p − w 

s 
p ∀ s ∈ S, p ∈ P \{ 1 } (16) 

∑ 

s ∈ S 
(αs 

p · x s p − ρs 
p · w 

s 
p ) + 

∑ 

c∈ CT 

π c · u 

c 
p ≤ b p ∀ p ∈ P (17) 

 

c 
p ≥ θ c 

∑ 

s ∈ S E | c∈ C s 
y s p ∀ c ∈ CT , p ∈ P (18) 

 

c 
1 = e c + u 

c 
1 ∀ c ∈ CT (19) 
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c 
p = v c p−1 + u 

c 
p ∀ c ∈ CT , p ∈ P \{ 1 } (20) 

 

s 
p , x 

s 
p , w 

s 
p ∈ Z 

+ ∀ s ∈ S, p ∈ P (21) 

 

s 
pr ∈ Z 

+ ∀ s ∈ S, r ∈ R, p ∈ P (22) 

 

c 
p , u 

c 
p ∈ Z 

+ c ∈ CT , p ∈ P (23) 

The objective (10) is to minimize the total cost of the entire 

ransition period. It includes the purchase cost of buses, salvage 

evenue of buses, operating cost of buses, purchase cost of chargers 

nd electricity demand charges. Constraints (11) ensure that the 

lectrification target is met and a minimum percentage of buses 

ill be electric by year p g . Constraints (12) ensure that the to- 

al number of buses required for each task type is respected for 

ll periods. Constraints (13) state that the assignments of available 

uses to task types respects the compatibility between bus type 

nd task type. Constraints (14) ensure that all available buses dur- 

ng a given period are assigned to a run type. However, Pelletier 

t al. (2019) state that organization often allows for overcapacity 

n order to have specific number of spare vehicles. This can be 

one in the formulation by adding a specific number of “empty”

ask types with zero operating cost. Constraints (15) and (16) keep 

rack of the number of available buses of each type in all periods. 

onstraint (17) ensure that the total purchase cost of buses and 

hargers at the start of a period does not exceed sum of the bud- 

et for the period and the salvage revenues made from the start of 

he period. Constraints (18) ensure that the minimum proportion 

f chargers of each type with respect to number of electric buses 

s satisfied. Constraints (19) and (20) keep track of the number of 

vailable chargers of each type in all periods. Constraints (21) –(23) 

efine the domain of the decision variables. 

The formulation (10) –(23) only briefly describes the basic vari- 

bles and constraints presented in Pelletier et al. (2019) . The au- 

hors include a more detailed cost structure that considers the pe- 

iodic discount rate, midlife cost of vehicles that is related to en- 

ine overhauls and battery replacements and additional cost func- 

ion that is used to mitigate end-of-horizon effects that may arise 

ecause of decisions being made near the end of the planning hori- 

on. The cost structure also considers the age of a bus, where the 

perating cost and the salvage value of the bus depends on its 

ge. Constraints are included to ensure that a bus cannot be op- 

rated after a certain age and has to be salvaged. Depot chargers 

re known to have power and space limitations. Therefore, con- 

traints are included to ensure that the number of depot chargers 

nstalled does not exceed the allowed limit. Additionally, the maxi- 

um power that depot chargers can draw simultaneously from the 

rid during each period in the planning horizon is considered in 

he mathematical model. Therefore, for a detailed model of the in- 

estment of bus fleet and charging infrastructure problem, we refer 

he reader to Pelletier et al. (2019) . 

Li, Lo, Xiao, & Cen (2016) use a MIP model to solve the mixed

us fleet management problem for the period 2015–2031. Multi- 

le vehicle types such as electric, compressed natural gas, hybrid- 

iesel and diesel buses are considered in the problem. The model 

onsiders different operating costs, external costs of emissions and 

urchase costs and provides a bus replacement strategy for max- 

mizing the total net benefit under budget constraints. A case 

tudy in Hong Kong showed that the mixed bus fleet management 

cheme is substantially more cost-efficient than the single bus fleet 

anagement scheme. It was also concluded that formulating the 

ixed bus fleet management problem often results in a large MIP 
8 
nd procedures to reduced the size of the problem is necessary. 

imilarly, Islam & Lownes (2019) present a bus fleet replacement 

trategy for the years 2018–2030. A MIP model is proposed that 

inimizes the life cycle cost of owning and operating a fleet of 

uses and required charging infrastructure while reducing green- 

ouse gas emissions simultaneously. A case study in Connecticut, 

SA, showed that a significant reduction in both cost and emis- 

ion can be achieved. A fleet consisting of 79% electric bus and 

1% hybrid-diesel bus yielded the least cost solution which satis- 

es the operational and environmental constraints. An, Jing, & Kim 

2020) present a MIP model to determine the optimal number of 

atteries, chargers and swapping robots and the type of chargers 

eeded at battery swapping stations to satisfy the swapping and 

harging demand of electric buses. A two-stage stochastic model is 

eveloped to handle the uncertainties in swapping demand caused 

y weather and traffic conditions. A customized gradient algorithm 

s developed to solve the two-stage stochastic programming model. 

he authors take the east region of Melbourne, Australia as a case 

tudy. Two types (slow and fast) of chargers are considered for the 

tudy. The fast charger can fully charge 12 batteries in 24 hours, 

hile the slow charger can charge 3 batteries. However, the fast 

harger is 30 times more expensive than the slow charger. Elec- 

ricity, battery and swapping robot price are also considered as in- 

ut to the model. It is concluded that slow charger is an econom- 

cal choice and the price of the fast charger has to drop to 13.3% 

f the current price to be more attractive. The authors state that 

he heavy capital investment on electric bus charging infrastruc- 

ure necessitates the need for a prudent planning of the system. 

ang, Kang, & Liu (2020) propose an optimal scheduling method 

ased on dynamic programming to minimize battery replacements 

osts during the entire service life of electric bus fleet. The service 

ife of electric buses is considered to be eight years. It is stated 

hat extending the life span of the batteries in electric buses relies 

n the effective energy management of both the internal controls 

n board and external operations on road, which are based on the 

haracteristics of the battery capacity fading process. A case study 

rom Beijing, China was used to test the proposed method. Practi- 

al factors such as difference in the working loads of electric buses, 

he duration of the scheduling period and the working temperature 

f batteries were analyzed and discussed. The method reduces the 

nvestment of battery replacement by 20% for the entire electric 

us fleet when compared with the base case. 

.2. Placement of charging infrastructure 

Xylia et al. (2017) primarily study the strategic problem of opti- 

izing the distribution of the charging infrastructure for the elec- 

ric buses in the city network. A MIP model is presented that min- 

mizes the total cost and total energy consumption of the system. 

he cost and energy consumption are calculated per bus line using 

he total number of trips in a year multiplied by the line length. 

nductive and conductive charging technologies are considered and 

he current fuel alternatives, biodiesel and biogas, are also taken 

nto account. The model is tested for the city of Stockholm. In the 

ase of optimizing cost, the results show that 59 conductive charg- 

ng stops could electrify 42 bus lines, while the remaining 101 bus 

ines use biodiesel. Major public bus transport hubs connecting to 

he train and subway system are chosen as locations for charging 

tation installation. 

A simplified version of the MIP model presented by Xylia et al. 

2017) is briefly described. The set of lines L and the set of bus 

tops O in the network are given in this strategic problem. One 

us stop o ∈ O can be used by more than one line. Let O l ⊆ O be

he set of bus stops in line l ∈ L . The bus on each line must have

nough power to reach the next charging station in the line. There- 

ore, energy balances are applied for each bus stop. Different equa- 
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ions are applied when the bus stop is first, in the middle or last in

he line. Let start l ∈ O l be the start bus stop in line l ∈ L . Similarly,

et end l ∈ O l be the end bus stop in line l. Let O 

mid d le 
l 

⊂ O l be the

et of middle stops in line l ∈ L . Xylia et al. (2017) consider differ-

nt charging technologies and also biogas and biodiesel buses. For 

implicity, we consider only one charging technology in the model. 

et ε be the initial charge of the electric bus in kilowatt hour. The 

aximum capacity of the bus is given by σ in kilowatt hour and 

et SOC min be the minimum state-of-charge of the battery in per- 

entage at any point in the line. The power consumed in kilowatt 

our when the bus moves from stop o to o + 1 in line l is given

y R l 
o,o+1 

. The authors consider various cost factors such as instal- 

ation, emission, operating and maintenance costs. In this case, we 

nly consider the installation cost. Let c o be the total cost of in- 

talling charging station at bus stop o ∈ O. Binary variable x o indi- 

ates if charging station is installed at bus stop o ∈ O. Additionally, 

hree sets of integer variables are defined. Integer variable y 
charging 

lo 
ndicates the power in kilowatt hour needed for charging at bus 

top o ∈ O l of line l ∈ L . Integer variable y in 
lo 

indicates the power re-

aining in kilowatt hour when the electric bus arrives at bus stop 

 ∈ O l of line l. Similarly, integer variable y out 
lo 

indicates the power 

n kilowatt hour when the bus is leaving bus stop o ∈ O l of line l. 

inimize 
∑ 

o∈ O 
c o · x o (24) 

ubject to 

 

charging 

lo 
≤ σ · x o ∀ o ∈ O l , l ∈ L (25) 

 

in 
lstart l 

= ε ∀ l ∈ L (26) 

 

in 
lo + y charging 

lo 
= y out 

lo ∀ o ∈ O l , l ∈ L (27) 

 

in 
lo = y out 

lo−1 − R 

l 
o−1 ,o ∀ o ∈ O 

mid d le 
l , l ∈ L (28) 

 

out 
lo ≥ R 

l 
o,o+1 · (1 + SOC min ) ∀ o ∈ O l \{ end l } , l ∈ L (29) 

 

in 
lend l 

= y out 
lend l 

∀ l ∈ L (30) 

 o ∈ { 0 , 1 } ∀ o ∈ O (31) 

 

in 
lo , y 

out 
lo , y 

charging 

lo 
∈ Z 

+ o ∈ O l , l ∈ L (32) 

The objective (24) is to minimize the total installation cost of 

hargers. Constraints (25) ensure that the energy provided from 

he charging station does not exceed the maximum battery capac- 

ty. Constraints (26) initialize the energy level at start stops of all 

ines. Constraints (27) ensures that the energy is balanced at each 

us stop along a line. It implies that the energy in the battery of 

he bus when leaving a bus stop is equal to the sum of the energy

evel when the bus entered the bus stop and the energy provided 

rom charging. Constraints (28) state that the energy in the bat- 

ery when the bus enters the middle stop along a line is equal to 

he energy level when leaving from the previous bus stop minus 

he amount of energy consumed in traveling. Constraints (29) en- 

ure that the energy level does not go below the minimum state- 

f-charge when traveling from one stop to another. It is assumed 

hat no charging is required at the end stops of lines since there is 

o upcoming distance to be covered. This assumption is given by 

onstraints (30) . 
9 
Kunith, Mendelevitch, & Goehlich (2017) aim to determine the 

ost-effective placement of chargers and the battery capacity of 

uses. A MIP model is developed to determine the minimum num- 

er and location of required charging stations for a bus network as 

ell as the adequate battery capacity for each bus line. A subnet- 

ork of Berlin bus system is considered to test the model and the 

ubnetwork includes 17 lines. Three different battery capacities are 

onsidered for each bus line. Conductive and inductive fast charg- 

rs are considered in the model. A total of 24 charging stations are 

equired to electrify the network. The charging points are located 

t terminals and bus stops en route. The charging stations that are 

nstalled en route are located at intersections with other bus lines. 

he authors also examine different scenarios in order to assess the 

nfluence of charging power, climate and changing operating con- 

itions. The results highlight a trade-off between battery capacity 

nd charging infrastructure under different operational conditions. 

Liu & Song (2017) discuss the dynamic wireless power transfer 

DWPT) technology. An independent DWPT facility consists of an 

nverter and a series of wireless power transfer pads that are in- 

talled underneath the road. Electric buses are charged while mov- 

ng over these pads. The authors address the problem of simulta- 

eously selecting the optimal location of the DWPT facilities and 

esigning the optimal battery sizes of the electric buses. A robust 

ptimization methodology is adapted to address the uncertainty of 

nergy consumption and travel time. The wireless charging tech- 

ology provides a promising solution to reduce the huge cost of a 

attery that has a large size and a long recharging time ( Yang, Lou, 

ao, & Xie, 2018 ). The proposed models are tested on the campus 

us system of Utah State University, USA, which has four lines. The 

esults of the deterministic model show that a total of 16 DWPT 

acilities are allocated in the bus network. The DWPT facilities are 

rimarily located around bus stations and terminals where buses 

top for a while. Moreover, four DWPT facilities are shared by two 

us lines and one DWPT facility is shared by all four bus lines. 

he robust optimal solution requires greater investments. However, 

he corresponding DWPT electric bus system can operate uninter- 

upted when energy consumption and charging times have devia- 

ions within the sets for consumption and travel times. 

Iliopoulou & Kepaptsoglou (2019) investigate the integrated 

ransit route network design and charging infrastructure location 

roblem. The authors present a bi-level formulation to handle both 

lanning stages. At the upper level, candidate route sets are gen- 

rated and evaluated, while at the lower-level wireless charging 

nfrastructures are optimally deployed. A multi-objective particle 

warm optimization algorithm embedded with a MIP model is de- 

eloped to handle the complexity of the problem and the con- 

icting design objectives related to passengers and operators. The 

ramework assesses the trade-off between average travel time for 

assengers and the infrastructure cost for operators. 

He, Song, & Liu (2019) present a MIP model to select the opti- 

al location of fast charging stations, determine the installation of 

nergy storage systems (ESS) and design the battery sizes of elec- 

ric buses such that the total system cost is minimized. The power 

osts, also known as demand charges, are based on the peak power 

emand during a billing period. Fast charging stations have a high 

ower demand and therefore, the demand chargers can make up 

 substantial part of the operating cost. An ESS can effectively re- 

uce the peak power demand at a fast charging station. It can draw 

lectricity from the grid, store it, and supply it to a fast charging 

tation. The proposed model is tested on bus system in Utah, USA, 

hich has eight bus lines. The results show that 17 fast charging 

tations and 25 ESSs are installed in the system. The charging sta- 

ions are located either at bus terminals or at bus stops that are 

hared by many bus lines. The size and total cost of on-board bat- 

eries are effectively reduced when the chargers are installed at 

hared locations. The results also show that the design with ESSs 
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educes the total system cost by 9.2% when compared to the de- 

ign without ESSs. Alwesabi, Wang, Avalos, & Liu (2020) develop 

 MIP model to simultaneously select the optimal location of the 

ynamic wireless charging facilities and find the optimal battery 

izes of electric buses for the system. The objective function in- 

ludes the inverter cost, the transmitter cable cost for all routes 

nd the battery cost of electric buses on all routes. 

.3. The electric vehicle scheduling problem 

The MCF and SPP models described in Section 2 have been ex- 

ended to the E-VSP. Similarly, solution methods such as column 

eneration, which is a common technique for solving the VSP, have 

lso been applied to the E-VSP. Furthermore, the problem charac- 

eristics of the VSP such as multiple depots and multiple vehicle 

ypes are also found in the E-VSP. Therefore, in this section, we 

lso discuss the methods that have been extended from the VSP. 

An extension to the VSP is the vehicle scheduling problem 

ith route constraints (VSP-RC), where a maximum route time 

onstraint is present to ensure that the total time a vehicle is 

way from the depot is no more than a specified threshold. Bodin 

t al. (1983) show that any resource constrained VSP is N P -hard. 

aghani & Banihashemi (2002) implement an exact approach for 

olving the multiple-depot VSP-RC. The approach iteratively solves 

he MCF to optimality and adds the violated route time constraints 

o the model. Heuristic procedures that considers some of the 

teps from the exact approach are also presented. Wang & Shen 

2007) consider refueling time constraints for the VSP-RC with the 

ocus on electric vehicles. The maximum range of an electric ve- 

icle is set to 420 minutes and the recharging time is 180 minutes. 

he authors develop an ant colony optimization (ACO) procedure 

o solve the VSP-RC with refueling time constraints. 

Chao & Xiaohong (2013) solve the E-VSP with single depot. The 

uthors consider battery swapping stations and ensure that fully 

harged batteries are always available when a bus returns to the 

attery swap station by maintaining a certain number of extra bat- 

eries at the station. The problem aims to minimize the number of 

ehicles needed to service all trips, the number of standby batter- 

es maintained for the vehicle fleet and the adequate power supply 

f the charge station to meet the energy demand of the electric 

us system. A GA is implemented to solve the problem. The algo- 

ithm is tested on a real-life instance from Shanghai that includes 

19 trips. The electric vehicle has a driving range of 80 kilometer 

nd it is assumed that the whole battery exchange operation takes 

5 minutes. The results show that a decrease in vehicle fleet in- 

estment will result in an increase of the total charge demand i.e., 

he number of times the battery exchange operation has to be per- 

ormed. 

Li (2013) addresses the single-depot VSP for electric buses with 

attery swapping or fast charging at given battery stations. It is 

ssumed that there exists one battery service station located at 

he depot and only a certain number of vehicles can be serviced 

t a time. Additionally, the battery service time is assumed to be 

0 minutes and the maximum driving range of the electric buses is 

50 kilometer. An arc formulation of the problem is developed that 

onsists of maximum distance before recharging or battery renewal 

onstraints. The formulation is the extension of the flow model 

or diesel buses described in Section 2 with big-M constraints to 

atisfy the maximum distance before recharging. The arc model is 

olved using a commercial MIP solver. The problem is also refor- 

ulated as a SPP model that is solved by a column generation 

ethod, and a variable fixing strategy is used to find integer so- 

utions. The recharging constraints are considered in the subprob- 

em of the column generation method. The subproblem is mod- 

led as a shortest path problem with resource constraints (SPPRC), 

hich is N P -hard ( Garey & Johnson, 1979 ). The SPPRC is solved by
10 
 dynamic programming approach. The authors compare the per- 

ormance of an arc model that is solved by a MIP solver and a 

euristic column generation method. For the large instances with 

47 timetabled trips, the column generation based method pro- 

ided high quality solutions. 

Adler & Mirchandani (2017) present an alternative-fuel MDVSP, 

here other alternative-fuel vehicles such as hydrogen-gas vehi- 

les and biofuel based vehicles that have limited driving ranges 

re considered. It is assumed that the buses have a range of 

20 kilometer before needing to be refueled and the refueling time 

s considered to be 10 minutes. An exact B&P algorithm and a 

euristic that is based on a concurrent scheduler algorithm ( Bodin 

t al., 1978 ) are developed to solve the problem. The authors test 

he exact B&P algorithm on only subsets of the original data, which 

ontained 4373 timetabled trips. The subsets of the data had up 

o 72 trips, eight refuelling stations and four depots. The heuris- 

ic that is based on the concurrent scheduler algorithm provides 

olutions in very short computation times. 

Reuer, Kliewer, & Wolbeck (2015) consider a mixed fleet com- 

osed of conventional diesel and electric buses. The authors ex- 

end the time-space network approach proposed by Kliewer et al. 

2006) to solve the standard VSP and develop an algorithm that 

dentifies when a vehicle needs to be recharged. In this manner, 

 bound on the maximum number of electric buses in a mixed 

eet is estimated. Heuristic procedures based on the ideas of Adler 

 Mirchandani (2017) are developed to find feasible solutions for 

he E-VSP that only uses electric buses. The authors set the bat- 

ery capacity of buses to 120 kilowatt hours and the energy con- 

umption of buses to 1 kilowatt hour per kilometer on timetabled 

rips and 0.8 kilowatt hour per kilometer on deadheads. The charg- 

ng stations are at terminals that are visited frequently and the 

harging time is considered to be 10 minutes. The heuristic meth- 

ds is tested on real-world instances with up to 10,0 0 0 trips. It is

oncluded that further analysis should be conducted varying the 

nderlying assumptions about the vehicle and the charging infras- 

ructure to gain further insights into the problem. 

Wen, Linde, Ropke, Mirchandani, & Larsen (2016) design an 

daptive large neighbourhood search (ALNS) heuristic for solv- 

ng the E-VSP. The driving range of the electric buses is set to 

50 kilometer and the authors assume that it takes two hours to 

ully recharge a vehicle. However, the vehicles are allowed to be 

artially recharged as well and the recharging time is assumed to 

e a linear function, which is proportional to the amount of bat- 

ery charged. The method is tested on instances with up to 500 

rips, eight depots and 16 stations. The optimal solutions of the 

DVSP are used as lower bounds to evaluate the ALNS heuristic. 

he heuristic provided good quality solutions in short computation 

ime. 

Van Kooten Niekerk, van den Akker, & Hoogeveen (2017) state 

hat the price of electricity significantly varies over the day and, 

n practice, the cost is dependent on the time when the electric- 

ty is taken from the grid. The charging stations are most likely to 

e at the depots or terminals of lines and each charging station 

as a certain space capacity that determines the number of vehi- 

les that can be charged simultaneously. The charging station also 

as an energy capacity, and larger capacities imply that the elec- 

ric vehicles can be charged faster. The electric buses have a bat- 

ery capacity of 244 kilowatt hours and an energy consumption of 

.2 kilowatt hours per kilometer. The charging speed is considered 

o be 2.0 kilowatt hours per minute. Two models are implemented 

o solve the E-VSP. The first model is a MIP model with continu- 

us variables for battery charge. For every trip, an extra variable 

s assigned that keeps track of the charge at the start of a trip. 

he model considers only linear charging behaviour of the batter- 

es and a constant price of electricity during the day. The second 

odel allows for non-linear charging behaviour of the batteries 
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nd takes the actual electricity prices during the day into account. 

he second model is also reformulated as a SPP so that it can be

olved by a column generation method. The authors describe three 

olution methods for the second model; namely, a MIP solver and 

olumn generation heuristics that are based on LP and Lagrangian 

elaxations. The methods are tested on instances from a bus com- 

any operating in Leuven, Belgium and had up to 543 trips, one 

epot and four charging locations. The MIP models are used to 

olve only the small instances that had up to 241 timetabled trips, 

nd column generation based methods are used to solve the larger 

nstances. 

Rogge et al. (2018) focus on strategic and tactical challenges 

n electric bus planning and aim to minimize the TCO of elec- 

ric vehicle fleets. For a given set of timetabled trips and vehi- 

le types, the problem determines the vehicle schedule to serve 

ll trips and the number of vehicles to buy per vehicle type. The 

harging infrastructure is considered to be installed at the depot 

nd the problem also focuses on the number of chargers to buy 

er depot. Two vehicle types are considered; one with a battery 

apacity of 90 kilowatt hours and another with a battery capacity 

f 380 kilowatt hours. Additionally, the energy consumption of the 

ifferent vehicle types vary; the vehicle type with smaller capac- 

ty uses 0.5 kilowatt hour per kilometer and the large vehicle type 

ses 0.9 kilowatt hour per kilometer. A GA in combination with 

IP formulation is proposed by the authors to solve the problem. 

Yao, Liu, Lu, & Yang (2020) also consider the E-VSP with multi- 

le vehicle types that differ in driving range and recharging du- 

ation. Two vehicle types are considered; one that has a driv- 

ng range of 170 kilometer and the other has a driving range of 

20 kilometer. Depot charging is considered and the recharging du- 

ation is considered to be 51 and 30 minutes for vehicle type 1 

nd 2, respectively. A GA is used to minimize the total cost, which 

ncludes the purchasing cost of electric buses and chargers, and 

he operating costs of deadheads and timetabled trips. Liu & Ceder 

2020) present a bi-objective MIP model for the E-VSP; the first ob- 

ective is to minimize the total number of electric vehicles required 

nd the second objective is to minimize the number of chargers 

equired. The battery capacity of the buses is 100 kilowatt hours. 

he chargers are located at the terminals and the charging power 

s assumed to be 50 kW. The authors use full and partial charging 

trategies and consider a non-linear battery charging behaviour. 

 two-stage construction-and-optimization solution procedure and 

n adjusted max-flow solution method are used to solve the E-VSP. 

Messaoudi & Oulamara (2019) present a MIP model for E-VSP 

hat aims to minimize number of buses used and the charging 

osts. A set of homogeneous electric buses that have a driving 

ange of 250 kilometer is considered. The buses are only charged 

t the depot when they return to be parked. The model also con- 

iders the allocation of parking places to buses taking into account 

he typology of the depot. Each parking place is equipped with 

 charger that can deliver up to 90 kW of power. However, the 

ower delivered by all charging stations must not exceed the ca- 

acity of the depot’s electrical grid. The cost per kilowatt hour is 

ifferent for different time periods. The authors consider random 

nstances with up to 130 service trips. It is reported that the full 

IP model only allows very small instances (10 trips) to be solved. 

ence, a decomposition method is implemented that consists of 

hree steps. The first step is to assign the service trips to the buses 

ith the objective to minimize number of buses and ensure suf- 

cient charging time of buses between trips. The second step is 

o assign buses to parking places. Finally, the third step optimizes 

he bus charging schedule. Janovec & Kohni (2019) present a MIP 

odel to solve the E-VSP. The battery capacity of the buses is set 

o 140 kilowatt hours and the energy consumption of the buses is 

et to 0.8 kilowatt hour per kilometer. Depot charging is consid- 

red and there is a limited number of chargers at the depot. The 
11 
harge power is set to 1.33 kilowatt hours per min. The MIP model 

s tested on real-life instances from Slovakia that contains up to 

60 trips and 6 chargers. 

Li, Lo, & Xiao (2019) present the MD-VSP with multiple vehicle 

ypes under range and refueling constraints. The authors generate 

 time-space-energy network for bus flow and time-space network 

or passenger flow. The problem is formulated as a MIP model. The 

uthors introduce the external cost associated with emissions and 

nvestigate the minimum total system cost to operators and pas- 

engers by scheduling the bus fleet and locating the refueling sta- 

ions. The capacity of electric buses is set to 230 kilowatt hours 

nd the energy consumption rate is 1.2 kilowatt hours/kilometer. 

he recharging time is 30 minutes. The model is tested on real-life 

nstances from Hong Kong that contain 288 trips and 2 depots. Liu, 

ao, Lu, & Yuan (2019) use a GA to solve the E-VSP. The objective 

unction is composed of the purchase cost of electric buses, the 

urchase and installation cost of charging infrastructure and the 

aily empty driving cost of buses. The proposed method is tested 

n a instance from Beijing that contains 544 trips. 

Tang, Lin, & He (2019) propose robust scheduling strategies for 

he E-VSP to handle the uncertainties of urban traffic. A solution 

s said to be operationally robust when the effects of potential de- 

ays are minimal ( Weide, Ryan, & Ehrgott, 2010 ). Both static and 

ynamic scheduling models are designed to avoid en-route break- 

own of electric buses, reduce delay costs and achieve robustness. 

he static model introduces a buffer-distance strategy. The dy- 

amic model takes advantage of continuously-updated road traffic 

onditions and periodically reschedules an electric bus fleet during 

he day’s operations. A B&P framework is proposed to effectively 

olve both models. The authors use Beijing bus line data that con- 

ains up to 96 trips to test the method. 

Olsen, Kliewer, & Wolbeck (2020) define the mixed fleet VSP 

ith electric vehicles. A three-phase solution approach based on 

n aggregated time-space network is implemented. The first phase 

s the construction of the time-space network and determination 

f optimal flow values without consideration of range limitations. 

he second phase is the decomposition of the flow into executable 

ehicle rotations. The third phase involves the insertion of charg- 

ng procedures. The method is tested on real-life instances from 

ermany that contain up to 10,710 trips. The battery capacity of 

lectric buses is set to 90 kWh. Three different char ging capacities 

re considered at the charging stations i.e., 1.8, 3 and 9 kilowatt 

ours per minute. Rinaldi, Picarelli, D’Ariano, & Viti (2020) use 

 MIP model to address the problem of optimal scheduling of a 

ixed fleet of electric and hybrid/non-electric buses. An ad-hoc 

ecomposition scheme is developed to enhance the scalability of 

he proposed MIP. The method is tested on real-life instances from 

uxembourg that contain up to 1008 trips. 

Zhou, Xie, Zhao, & Lu (2020) present a multi-objective bi-level 

rogramming model to integrate the optimization vehicle schedul- 

ng and charging scheduling of a mixed bus fleet. The upper level 

etermines the vehicle scheduling to minimize the operating cost 

nd carbon emissions under the limited driving range of electric 

uses. The lower level is the charging scheduling problem that 

inimizes the charging cost by considering the time-of-use price 

olicy. An integrated heuristic algorithm is devised to solve the 

roblem. The vehicle scheduling problem is solved using a itera- 

ive neighbourhood search algorithm based on simulated anneal- 

ng. The charging scheduling problem is solved with a greedy dy- 

amic selection strategy based on the approach of multi-stage de- 

ision. The method is tested on real-life instances from Beijing that 

ontain 575 trips. Olsen & Kliewer (2020) design charging models 

or the E-VSP that reflect the nonlinear charging process precisely. 

he heuristic solution method from Adler & Mirchandani (2017) is 

dapted to solve the problem and present a backtracking-algorithm 

or the incorporation of partial charging procedures within the 
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Table 2 

Overview of the constraints in the E-VSP. 

Authors Multiple depots Multiple 

vehicle types 

Number of 

chargers 

Recharging 

duration 

Driving range 

of buses 

Non-linear 

battery 

behaviour 

Partial charging 

Haghani & Banihashemi (2002) • •
Wang & Shen (2007) • • •
Chao & Xiaohong (2013) • •
Li (2013) • • •
Reuer et al. (2015) • • •
Wen et al. (2016) • • • •
Adler & Mirchandani (2017) • • •
Van Kooten Niekerk et al. (2017) • • • • •
Rogge et al. (2018) • • •
Messaoudi & Oulamara (2019) • •
Janovec & Kohni (2019) • • • •
Li et al. (2019) • • • • • •
Liu et al. (2019) • •
Tang et al. (2019) • • •
Olsen et al. (2020) • • •
Rinaldi et al. (2020) • • • •
Zhou et al. (2020) • • •
Teng et al. (2020) • •
Olsen & Kliewer (2020) • • • •
Li et al. (2020) • • • •
Yao et al. (2020) • • • •
Liu & Ceder (2020) • • • • •
Perumal et al. (2021) • •
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olution method. The method is tested on real-life instances in- 

tances from Germany that contain up to 10,710 trips. The authors 

se battery capacities of 90, 300 and 500 kilowatt hours. Li et al. 

2020) present a regular charging electric bus stationary charger 

eployment and the MDVSP. The objective of the problem is to 

inimize the total investment cost of electric buses and chargers, 

he power consumption cost and time-related operation cost. The 

uthors also consider partial charging policy and the time-of-use 

lectricity prices. An adaptive GA is developed and is tested on a 

nstance from Shanghai that contains 867 trips and 5 depots. 

Teng, Chen, & Fan (2020) present an integrated approach to ve- 

icle scheduling and bus timetabling for an electric bus line. A 

ultiobjective optimization model is developed and the objectives 

nclude smoothing the vehicle departure intervals such that pas- 

enger waiting times are reduced, minimizing the number of vehi- 

les and total charging costs. A multiobjective particle swarm op- 

imization algorithm is implemented and the method is tested on 

eal-life instance from Shanghai that contain 84 trips. Compared to 

oth the existing schedule and sequential schedule, the integrated 

odel reduces the number of vehicles and total charging costs and 

ncrease the smoothness of departure intervals. Moreover, the in- 

egrated model allows the vehicle charging periods to be evenly 

istributed during off-peak hours. 

Perumal et al. (2021) consider the integrated electric vehicle 

nd crew scheduling problem. The driving range of the bus is con- 

idered to be 120 kilometer. Depot charging is considered and the 

echarging duration of buses is set to two hours. For solving the 

-VSP, a B&P heuristic is implemented that fixes variables which 

ave fractional values greater than or equal to a threshold value 

in this case 0.8) to one at each node of the B&B tree. If there are

o such variables, then the variable with a fractional value clos- 

st to one is selected and fixed to one. The B&B tree is explored

n a depth-first manner without backtracking. This procedure has 

een commonly used to solve the VSP and its extensions ( Li, 2013; 

epin et al., 2009; Van Kooten Niekerk et al., 2017 ). To solve the

ntegrated vehicle and crew scheduling problem, an ALNS heuris- 

ic is proposed that utilizes B&P heuristic methods. The method is 

ested on instances with 1109 timetabled trips. The integrated ap- 

roach provides an improvement of up to 4.37% when compared 

o the sequential approach. 
12 
Table 2 gives an overview of the constraints considered in the 

-VSP. The limited driving range of the buses and the recharging 

uration are the most critical constraints in the E-VSP. Only few 

uthors ( Li et al., 2019; Li et al., 2020; Olsen & Kliewer, 2020; Van

ooten Niekerk et al., 2017 ) have considered the non-linear be- 

aviour of the batteries. Similarly, only few authors have imple- 

ented partial recharging techniques. Therefore, modelling battery 

harging and discharging behaviour have to further be considered 

n research, which will aid in applying the solution methods in 

ractice. Table 3 gives an overview of the literature on the E-VSP. 

euer et al. (2015) and Olsen & Kliewer (2020) adapt the heuristic 

roposed by Adler & Mirchandani (2017) to solve instances with 

ore than 10,0 0 0 trips. Olsen et al. (2020) also solve large in-

tances of more than 10,0 0 0 trips using a three-phase solution 

pproach based on an aggregated time-space network proposed 

y Kliewer et al. (2006) . The column generation method used for 

olving the VSP has been extended to solve large instances of the 

-VSP ( Li, 2013; Perumal et al., 2021; Van Kooten Niekerk et al., 

017 ). Methaheuristics such as GA have also been widely applied 

o solve the E-VSP. Some authors have considered only small in- 

tances but have integrated the E-VSP with other planning prob- 

ems. For examples, Messaoudi & Oulamara (2019) attempted to 

he integrate the E-VSP and the charging scheduling problem and 

ested their proposed heuristic on an instance with 130 trips. Teng 

t al. (2020) considered 84 trips to illustrate the benefits of inte- 

rating timetabling and E-VSP. Tang et al. (2019) also considered a 

mall instance of 96 trips, but the authors studied the problem of 

escheduling electric buses during the day’s operation. 

.4. Charging scheduling 

Many authors have addressed the charging scheduling problem 

here the focus is on minimizing the charging costs and manag- 

ng the power load at charging stations. Under dynamic electricity 

emands and the fluctuating electricity prices, the operating elec- 

ricity cost highly depends on the charging schedule. Additionally, 

lectric bus charging stations consume large amounts of power and 

ence, it is essential to arrange the charging schedules properly to 

inimize the energy cost. Leou & Hung (2017) present a mathe- 
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Table 3 

Overview of the literature on the E-VSP. Solution method: MIP-mixed integer programming methods, CG-column generation, MH- 

metaheuristics and H-heuristics. Dataset: | T | -number of timetabled trips and Test-random or real-world instances. Other abbreviations: 

ACO-ant colony optimization, GA-genetic algorithm, SA-simulated annealing, PSO-particle swarm optimization and ALNS-adaptive large 

neighbourhood search. 

Authors Solution method Dataset Remark 

MIP CG MH H | T | Test 

Haghani & Banihashemi (2002) • 5650 USA 

Wang & Shen (2007) • 261 Random ACO 

Chao & Xiaohong (2013) • 119 China GA 

Li (2013) • • 947 USA Compares MIP model and CG 

Reuer et al. (2015) • 10,702 Real-world 

Wen et al. (2016) • 500 Random ALNS 

Adler & Mirchandani (2017) • • 4373 USA 

Van Kooten Niekerk et al. (2017) • • 543 Belgium Compares MIP model and CG 

Rogge et al. (2018) • 200 Germany, Denmark GA 

Messaoudi & Oulamara (2019) • • 130 Random 

Janovec & Kohni (2019) • 160 Slovakia 

Li et al. (2019) • 288 China 

Liu et al. (2019) • 544 China GA 

Tang et al. (2019) • 96 China 

Olsen et al. (2020) • 10,710 Germany 

Rinaldi et al. (2020) • • 1008 Luxembourg 

Zhou et al. (2020) • 575 China SA 

Teng et al. (2020) • 84 China PSO 

Olsen & Kliewer (2020) • 10,710 Germany 

Li et al. (2020) • 867 China GA 

Yao et al. (2020) • 931 China GA 

Liu & Ceder (2020) • 272 Singapore 

Perumal et al. (2021) • 1109 Denmark, Sweden 
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atical model to determine the optimal contracted power capacity 

nd charging schedule of a charging station in such a way that en- 

rgy costs can be reduced. The authors reported that bus compa- 

ies, in the past, began charging the electric buses immediately af- 

er completing the transport service and this resulted in higher en- 

rgy costs. Hence, the proposed model is built based on the time- 

f-use pricing scheme where the electricity price per kilowatt hour 

s different for peak, half-peak and off-peak hours. The constraints 

n the model enable the electric buses to complete the charg- 

ng process before performing transport service while the power 

onsumption does not exceed the contracted capacity during each 

nterval. The proposed model is tested on real-life data from a 

us company in Taiwan that has 10 electric buses and one charg- 

ng station. Seven electric buses perform two transport services 

nd three electric buses perform one transport service. Based on 

ecorded battery data, a normal distribution is used to model the 

eeded charging energy of an electric bus completing one trans- 

ort service. A simulation is carried out and the results show that 

he average energy cost in a month for controlled charging mode is 

0.4% less than the average energy cost for uncontrolled charging 

ode. A controlled charge avoids charging in the peak time inter- 

al and flattens the charging station load peak as much as possible 

o minimize energy cost. 

In this tactical problem, the set of buses and the arrival and de- 

arture times of buses at charging stations are given. We briefly 

escribe the mathematical model presented by Leou & Hung 

2017) . Let B be the set of buses and let I be the set of times in

 day. The authors use a time step of 15 minutes. There are dif-

erent time periods in a day such as peak, half-peak and off-peak 

ours. Let P be the set of periods and let I p ⊂ I be the set of times

n period p ∈ P . Let n p be the contracted capacity in kilowatt hour

or the period p ∈ P and let c p be the electricity price per kilowatt

our during period p ∈ P . The arrival and departure times of a bus

t charging stations are known, therefore let a bi be a binary param- 

ter that indicates if a bus b ∈ B is available for charging at time

 ∈ I or not. Parameter d b indicates the energy in kilowatt hour that 

us b ∈ B must have when leaving the charging station in order to 

m

13 
omplete a service. Parameter m b indicates the maximum charging 

ower in kilowatt hour that bus b ∈ B can draw at a time. Let �

e the efficiency of the charging station. Decision variable x bi in- 

icates the charging power in kilowatt hour of bus b ∈ B at time 

 ∈ I. 

inimize 
∑ 

p∈ P 

∑ 

i ∈ I p 

∑ 

b∈ B 
c p · x bi (33) 

ubject to 
∑ 

i ∈ I 
a bi · x bi · � ≥ d b ∀ b ∈ B (34) 

∑ 

b∈ B 
x bi ≤ n p ∀ i ∈ I p , p ∈ P (35) 

 ≤ x bi ≤ m b ∀ b ∈ B, i ∈ I (36) 

The objective (33) is to reduce the total cost of electricity. Con- 

traints (34) ensure that each bus is charged sufficiently to com- 

lete a service. Constraints (35) ensure that the total power con- 

umption during each time period does not exceed the contracted 

apacity. Constraints (36) set the upper bound of the charging 

ower variables for each bus at all times. 

Yang et al. (2018) explore an optimal charging scheduling 

cheme in a wireless charging system to minimize the operating 

lectricity cost. The charging decision making process is divided 

nto two stages. In the first stage, the energy demands are pre- 

icted a day ahead based on historical data and the bus company 

us pays for the reserved electricity based on wholesale prices. In 

he second stage, the company pays the retail electricity price if 

he actual energy demands at bus stations/terminals are more than 

he reserved ones. A two-step algorithm is presented to determine 

he reserved wholesale electricity. An optimal charging scheduling 

cheme is then proposed based on the predicted speeds of the 

lectricity buses. The algorithms are tested via simulations based 

n transport system in Guangzhou, China. A simple greedy charg- 

ng scheme is used for comparison and the results show that opti- 

al charging scheme reduces the electricity cost up to 18%. 
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Fig. 4. Electric bus planning process. 
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Houbbadi, Trigui, Pelissier, Redondo-Iglesias, & Bouton 

2019) use a method based on nonlinear programming to manage 

vernight charging of an electric bus fleet. This approach identifies 

n optimal charging strategy that minimizes the battery aging 

ost (the cost of replacing the battery spread over the battery 

ifetime). The constraints are related to the bus operating condi- 

ions, the electric vehicle supply equipment, and the power grid. 

lectro-thermal and aging properties of lithium-ion batteries are 

odeled to simulate the dynamic response of the battery. A case 

tudy is performed test the proposed method and the considered 

tation is capable of charging 10 electric buses simultaneously. 

imulation results indicate a potential economic gain of the op- 

imal charging strategy for 10 years operation when compared 

o three typical non-optimal charging strategies. Jahic, Eskander, 

 Schulz (2019) propose algorithms to optimize the charging 

chedule for large-scale bus depots with the goal to minimize the 

eak load. In a centralized depot charging concept, a bus depot 

ould experience unevenly distributed load profile with high loads 

f the buses charge on demand as soon as they arrive to the depot. 

eal data from the bus depot in Hamburg, Germany is used for 

he simulation. A greedy algorithm reduced the load peak by 

4.4% compared to the original load profile. A heuristic algorithm 

chieved even a smaller peak load and reduced by 27.1% compared 

o the original load peak. 

Bagherinezhad, Palomino, Li, & Parvania (2020) propose a 

patio-temporal charging optimization model of electric buses that 

inimizes the total cost of operating the power distribution sys- 

ems. The model considers the power flow constrains to ensure de- 

ivering reliable power to electric buses and other loads in power 
14 
istribution systems. The model is tested on the power distribu- 

ion system for transport system in Park City, USA. The simula- 

ion results show that uncoordinated charging scheme may re- 

ult in violation of the voltage limit, abrupt variation in line cur- 

ents and increased active energy loss. The proposed model re- 

uces the operating cost of power distribution and transport sys- 

em up to 13%. Abdelwahed, van den Berg, Brandt, Collins, & Ketter 

2020) propose two MIP models to optimize the opportunity fast- 

harging schedule of electric bus networks in order to minimize 

he charging costs and the impact on the grid. The two models 

re based on different time-discretization techniques. A computa- 

ional study is carried out on the bus network in the city of Rot- 

erdam, Netherlands. The results show that the optimal strategy 

s capable of reducing the charging costs by around 14.5% com- 

ared to two common greedy strategies, First-in-First-Served and 

owest-Charged-Highest-Priority. Ke, Lin, Chen, & Fang (2020) de- 

ise a GA to optimize the battery charging and discharging capac- 

ty at different time points during the timeframe which minimizes 

he total single-day cost of the bus system. The authors consider 

eselling the battery electricity to the power company. The algo- 

ithm was tested on bus transportation system in Penghu, Taiwan 

nd the results show that the revenue from the resale of elec- 

ricity was higher when the resale price was twice that of the 

lectricity rate offered by the power company. He, Liu, & Song 

2020) present a linear program model to optimize the charging 

cheduling and management for a fast-charging electric bus sys- 

em that effectively minimizes total charging costs. The model is 

ested on a bus network system in Utah, USA, that has 36 bus 

ines and 170 buses. Compared to the uncontrolled charging strat- 
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Table 4 

Categorization of charging infrastructure. 

Authors Charging infrastructure 

Depot plug-in Fast-charging (plug-in, pantograph) Wireless chargers Battery swapping 

Chao & Xiaohong (2013) •
Li (2013) • •
Reuer et al. (2015) •
Wen et al. (2016) •
Li et al. (2016) •
Adler & Mirchandani (2017) •
Van Kooten Niekerk et al. (2017) •
Kunith et al. (2017) •
Xylia et al. (2017) • •
Liu & Song (2017) •
Leou & Hung (2017) •
Chen et al. (2018) • • •
Rogge et al. (2018) •
Yang et al. (2018) •
Pelletier et al. (2019) • • •
Messaoudi & Oulamara (2019) •
Houbbadi et al. (2019) •
Islam & Lownes (2019) • •
Janovec & Kohni (2019) • •
Li et al. (2019) •
Jahic et al. (2019) •
Liu et al. (2019) •
Iliopoulou & Kepaptsoglou (2019) •
He et al. (2019) •
An et al. (2020) •
Tang et al. (2019) •
Yao et al. (2020) •
Liu & Ceder (2020) •
Perumal et al. (2021) •
Bagherinezhad et al. (2020) • •
Abdelwahed et al. (2020) •
Olsen et al. (2020) •
Rinaldi et al. (2020) •
Zhou et al. (2020) •
Teng et al. (2020) •
Olsen & Kliewer (2020) •
Ke et al. (2020) •
Li et al. (2020) •
Alwesabi et al. (2020) •
He et al. (2020) •
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gy, the optimal charging strategy reduces the total charging cost 

y 33.8%. 

.5. Discussion 

Table 4 shows the different char ging infrastructures used in the 

iterature. Some authors that primarily tackle the E-VSP, utilize the 

harging stations located in the city network for recharging the ve- 

icles and do not indicate the specific charging technology. It is as- 

umed that a charging station has plug-in or pantograph chargers 

nstalled. Depot charging and terminal charging are the two most 

ommon facilities used in the literature. 

Fig. 4 gives an overview of the different problems in the electric 

us planning process at the strategic , tactical and operational stages. 

nvestment of the electric bus fleet and charging infrastructure are 

trategic problems, where the decisions are made years in advance. 

or example, Pelletier et al. (2019) proposed an investment strategy 

or a bus operator in France during the years 2020–2050. Moreover, 

hen et al. (2018) have argued that the service frequencies of bus 

ines significantly influence the cost competitiveness of different 

harging infrastructures. Therefore, the line planning have to be 

onsidered while evaluating the investment decisions. The place- 

ent of charging infrastructure in the city network is also a strate- 

ic problem that utilizes the information of bus lines to determine 

he cost-effective placement of chargers. Xylia et al. (2017) , Kunith 

t al. (2017) and He et al. (2019) are some authors that have re-
15 
orted that chargers are often installed at locations that are shared 

y bus lines. The E-VSP is a tactical problem where the timetabled 

rips, the charging infrastructure and the battery capacity of elec- 

ric buses are given. Some authors such as Van Kooten Niekerk 

t al. (2017) , Messaoudi & Oulamara (2019) , Li et al. (2020) and

hou et al. (2020) have considered the E-VSP and the charging 

cheduling problem simultaneously, where the focus is also on 

inimizing the charging cost. Abdelwahed et al. (2020) and Jahic 

t al. (2019) are some examples that have have utilized the arrival 

nd departure times of electric buses at charging stations to de- 

ermine the charging schedule. However, authors have also tack- 

ed the charging scheduling problem by considering the historical 

ata of energy demands of electric buses ( Leou & Hung, 2017; Yang 

t al., 2018 ). The charging scheduling problem uses the time-of-use 

lectricity pricing scheme that is commonly known a day ahead. 

o the best of our knowledge, Tang et al. (2019) are the only au- 

hors that have considered robust scheduling strategies for the E- 

SP and real-time rescheduling of electric buses based on updated 

oad and operating conditions. This is done in order to handle the 

ncertainties of urban traffic, avoid en-route breakdown of electric 

uses and reduce delay costs. Additionally, energy consumption of 

lectric buses is known to be dependent on the ambient tempera- 

ure. Yang et al. (2018) have tackled the charging scheduling prob- 

em based on the actual energy demand at charging stations dur- 

ng the day of operations. Jahic et al. (2019) have carried out simu- 

ations with different traffic conditions and ambient temperatures 
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Table 5 

Categorization of the different problems related to electric bus technology. 

Authors Problem 

Investment of 

charging 

infrastructure 

Placement of 

charging 

infrastructure 

Investment of 

electric bus fleet 

Charging 

scheduling 

Electric vehicle 

scheduling 

Integration with 

line planning, 

timetabling or crew 

scheuling 

Haghani & Banihashemi (2002) •
Wang & Shen (2007) •
Chao & Xiaohong (2013) • •
Li (2013) •
Reuer et al. (2015) •
Wen et al. (2016) •
Li et al. (2016) •
Adler & Mirchandani (2017) •
Van Kooten Niekerk et al. (2017) •
Kunith et al. (2017) • •
Xylia et al. (2017) • • •
Liu & Song (2017) • •
Leou & Hung (2017) •
Chen et al. (2018) • •
Rogge et al. (2018) • • •
Yang et al. (2018) •
Pelletier et al. (2019) • •
Messaoudi & Oulamara (2019) • •
Houbbadi et al. (2019) •
Islam & Lownes (2019) •
Janovec & Kohni (2019) •
Li et al. (2019) • •
Jahic et al. (2019) •
Liu et al. (2019) • • •
Iliopoulou & Kepaptsoglou (2019) • •
He et al. (2019) • • •
An et al. (2020) • •
Tang et al. (2019) •
Yao et al. (2020) • •
Liu & Ceder (2020) • •
Perumal et al. (2021) • •
Wang et al. (2020) •
Bagherinezhad et al. (2020) •
Abdelwahed et al. (2020) •
Olsen et al. (2020) •
Rinaldi et al. (2020) •
Zhou et al. (2020) • •
Teng et al. (2020) • •
Olsen & Kliewer (2020) •
Ke et al. (2020) •
Li et al. (2020) • • • •
Alwesabi et al. (2020) • •
He et al. (2020) •
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ture area of research. 
o test their proposed algorithm for solving the charging schedul- 

ng problem. One area of research in the field of OR is the devel-

pment of real-time rescheduling methods to reduce the impact of 

isruptions such as delays or vehicle failures. Visentini, Borenstein, 

i, & Mirchandani (2014) state that much research has been done 

n the VSP, but considerations on vehicle rescheduling are still rel- 

tively unexplored. Furthermore, with its ability to guard against 

elays, robust planning is receiving more and more attention in the 

cademic literature ( Lusby et al., 2018 ). Real-time control strate- 

ies and robust solution approaches for scheduling electric vehi- 

les are found to be scarce in the OR literature. Since there are 

any technological limitations concerning the use of electric vehi- 

les, the development of recovery methods that support the prac- 

ical application of electric vehicles can be seen as a future area of 

esearch. 

Table 5 categorizes the literature on electric bus technology 

ased on the different planning problems. Chao & Xiaohong (2013) , 

ogge et al. (2018) and Liu et al. (2019) are some authors that 

ave considered the E-VSP and the strategic decisions of in- 

estment of electric bus fleet and/or charging infrastructure si- 

ultaneously. Similarly, as mentioned earlier, the E-VSP and the 
16 
harging scheduling problem have been handled simultaneously 

y Van Kooten Niekerk et al. (2017) and Messaoudi & Oulamara 

2019) . However, as shown in Table 5 , the integration of the elec- 

ric bus technology with other planning problems has received 

ery little attention. Iliopoulou & Kepaptsoglou (2019) consid- 

red the integrated line planning and placement of charging in- 

rastructure problem. Teng et al. (2020) presented the integrated 

imetabling and the electric vehicle scheduling problem. Perumal 

t al. (2021) tackled the E-VSP and the CSP simultaneously. In 

orthern Europe, it is estimated that the CSP contributes to 60% 

f the total operational cost for a transport company ( Perumal, 

arsen, Lusby, Riis, & Sørensen, 2019 ). Therefore, integrated ap- 

roaches are crucial in reducing the total cost. However, the in- 

egrated scheduling problems are more complex to formulate and 

equires tremendous computational effort to solve. The increased 

omputational complexity of the integrated approach is one of the 

ain reasons for bus companies to adopt a sequential approach. 

ntegrated approaches for large real-life problems could potentially 

rovide more insights into efficiently operating a transportation 

ystem with electric vehicles and therefore, is considered as a fu- 
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. Conclusion 

Electrification of bus fleets in most cities is expected to rise. 

owever, due to the limitations and challenges of the electric bus 

echnologies, further adjustments have to be made to the current 

us transport planning problems. Therefore, the scheduling of elec- 

ric vehicles is recognized as a crucial and fast growing area of re- 

earch. In this paper, we reviewed 43 articles related to the elec- 

ric bus technologies and gave an overview of the different prob- 

ems in the electric bus planning process ( strategic , tactical and 

perational ). The different problems are: 1) investment of electric 

us fleet and charging infrastructure, 2) placement of charging in- 

rastructure, 3) the E-VSP and 4) the charging scheduling prob- 

em. We briefly discussed the development of literature on the VSP 

nd gave an overview of the different constraints associated with 

he E-VSP. A detailed literature review of the solution approaches 

sed for solving the E-VSP was given. In particular, column gen- 

ration method used for solving the standard diesel VSP has been 

xtended to solve the E-VSP. 

Rescheduling aspects or considerations of robustness for 

cheduling of electric vehicles have hardly been reported in the OR 

iterature to the best of our knowledge. Since there are many tech- 

ological limitations concerning the scheduling of electric vehicles, 

he development of recovery methods that support the practical 

pplication of electric vehicles is seen as a future area of research. 

ntegrated electric bus planning approaches have also received very 

ittle attention in the OR literature. Integrating two or more plan- 

ing problems add further computational complexity. However, it 

s considered as a crucial area of research that could further im- 

rove efficiency of electric bus transport systems. 
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