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Abstract

Effective scheduling and charging management of electric buses is essential for minimizing
investment and operational costs while improving transit efficiency. The paper presents
an optimization framework which provides a 3D Pareto frontier of fleet size, deadhead
distance, and charging cost, while accounting for heterogeneous battery energy, charger
power, charging spot capacities, integrated daily and night charging, and a charge sus-
taining condition. Two optimization approaches are developed: Mixed-Integer Linear
Programming (MILP), which finds globally optimal solutions, and an Insertion Heuristic
(IH), which generates feasible schedules in a computationally efficient way. The framework
operates iteratively, starting with MILP to determine the minimum number of buses for
feasible operation. Then, additional buses are incrementally incorporated, and for each
fixed fleet size, a multi-objective optimization of scheduling and charging management
is applied to minimize deadhead distance and charging costs using both approaches. A
case study on a synthetic transport network demonstrates that the proposed IH algorithm
achieves nearly optimal performance at a fraction of the computational time and memory
requirements of the MILP approach. A Pareto analysis shows that increasing fleet size
reduces deadhead distance and charging costs up to a saturation point, beyond which
further additions yield minimal benefits.

Keywords: city buses; battery electric vehicles; bus scheduling; charging management;
Pareto optimization; Mixed-Integer Linear Programming (MILP); heuristic scheduling

1. Introduction

The ongoing shift toward electromobility is transforming urban public transportation
systems, with electric city buses (EBs) emerging as a sustainable alternative to conventional
diesel engine-powered buses [1]. EBs provide significant environmental advantages, in-
cluding reduced greenhouse gas and noise emissions and zero local pollution, as well as
lower operational costs [2]. The city bus transport system is a natural candidate for electri-
fication due to the predetermined and relatively short routes allowing for exploiting fast
charging (e.g., at end stations) for reduced battery capacity, mass, and cost [3]. However,
typical tasks in establishing a city bus fleet, such as line planning, vehicle scheduling [4],
timetabling [5], and crew scheduling [6], become more complex in the case of EBs, as they
should be integrated with charging management.

A primary limitation of EBs is their restricted driving range (typically 100-300 km

per charge), necessitating recharging during operations [7]. This limitation is further
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compounded by longer recharging times compared to the rapid refueling of diesel buses, as
well as increased energy consumption under adverse weather conditions due to auxiliary
loads such as heating and air conditioning systems [8,9]. Moreover, charging infrastructure
constraints, including limited charging power and station availability, add complexity to
fleet scheduling and operational planning [10]. To mitigate these challenges during the
transition toward fully electric bus fleets, plug-in hybrid electric buses are often introduced
as an intermediate solution; however, they still require systematic charging planning to
maximize electric operation and reduce energy costs and emissions [11]. In general, these
challenges underscore the need for effective scheduling strategies that not only account for
recharging requirements but also incorporate smart charging management into operational
planning, ensuring a balance between service efficiency, cost-effectiveness, and passenger
satisfaction. This introduces new complexities to the well-established Vehicle Scheduling
Problem (VSP), which traditionally focuses on minimizing operational costs and fleet size
while maintaining reliable service [12]. The Electric Bus Scheduling Problem (EBSP) extends
the VSP by accounting for the aforementioned additional constraints [13]. Opportunity
charging, where EBs recharge during layovers at terminals, end stations, or stops, adds
further challenges to the scheduling process [14].

Early approaches to the EBSP build on the Single Depot Vehicle Scheduling Prob-
lem (SDVSP) by incorporating constraints unique to EBs. One such study [15] employs a
two-stage modeling approach, first forming vehicle blocks and then chaining them while
accounting for state of charge and spatial-temporal conditions. This method underscores
the impact of limited driving range on fleet size, finding that a 150-mile range allows for
significant electrification with a manageable increase in non-revenue time. Subsequent
work [16] introduces a column generation-based algorithm to tackle EB scheduling with
battery swapping and fast charging options. This approach evaluates real-world transit
data to analyze fleet size, operational costs, and emissions, demonstrating its applicabil-
ity to large-scale transit networks. Another study [17] refines the modeling of charging
processes by proposing two frameworks: one assumes linear charging rates and constant
electricity prices, while the other incorporates variable prices and battery degradation
effects. Multi-depot scenarios are explored in [18], which extends the Multi-Depot Vehi-
cle Scheduling Problem with Time Windows to include constraints such as limits on the
number of buses that can be charged simultaneously and restrictions on overlapping use of
individual chargers. The study develops a mixed-integer nonlinear programming model
and subsequently linearizes it for computational efficiency, allowing for its application to
larger problem instances. Similarly, ref. [19] presents a Mixed-Integer Linear Programming
(MILP) model for electric bus scheduling that incorporates partial charging and charging
at both depots and selected terminal stops through linear energy balance relations. The
model explicitly considers constraints such as limited charger availability, where only
one bus may charge at a time, and battery state of charge (50C) requirements. Although
convex relaxation can accelerate continuous energy dispatch models [20], the EBSP remains
dominated by inherently discrete assignment and sequencing decisions, which naturally
leads to mixed-integer formulations. An additional study [21] introduces a three-stage
framework combining scheduling and overnight charging under depot layout constraints,
jointly optimizing fleet size, battery capacity, and charger usage in a real-world airport
shuttle case.

Integrating timetabling and scheduling, ref. [22] proposes a unified framework using
a time-space network-based model, addressing trade-offs between fleet size and service
quality. This integrated approach improves operational efficiency compared to traditional
sequential planning. To address the complexities of mixed fleet operations, ref. [23] pro-
poses a MILP model for optimizing fleets composed of both diesel and electric buses. The
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study demonstrates that early-stage electrification yields notable cost savings, but the
marginal benefits decline as the share of EBs increases due to diminishing operational
gains. More advanced methodologies handle large-scale transit systems with additional
constraints. For instance, ref. [24] explores the challenges of vehicle relocation and partial
charging in multi-depot systems. By applying a Large Neighborhood Search (LNS) heuris-
tic algorithm, the study aims to optimize the battery capacity, charging rates, and charging
locations. Another study tackles electric vehicle scheduling by modeling route and charging
decisions using a path-based binary optimization approach [25]. To solve the problem
efficiently, it employs column generation combined with tailored heuristics, achieving
near-optimal solutions with less than 3.5% optimality gap on large-scale Dutch transit
data. This approach has recently been extended to jointly optimize charging infrastructure
deployment and charging schedules while explicitly accounting for energy system-level
aspects, such as renewable energy integration and power distribution network impacts [26].
Further extensions incorporate heterogeneous fleet composition and advanced charging
constraints, including multi-gun fast charging and vehicle-charger compatibility [27].

The work presented in this paper builds upon the foundational methodology intro-
duced in [19] and further developed in the authors’ previous work [28]. In contrast to [19],
which focuses solely on minimizing the fleet size, this study proposes a multi-objective
MILP-based framework that jointly minimizes the fleet size, deadhead distance, and charg-
ing cost objectives, while accounting for heterogeneous battery energy, charger power,
and charging spot capacities, integrated daily and night charging, and a charge sustaining
condition, ensuring that the final batteries’ states of charge match the initial one. The MILP
approach is complemented by an Insertion Heuristic (IH) algorithm for generating near-
optimal large-scale solutions. Unlike the conventional fleet Insertion Heuristic [12], which
relies solely on spatial-temporal proximity, the proposed IH introduces an energy-aware
scheduling framework incorporating the aforementioned objectives and constraints. The
main contributions of the paper include (i) formulation of a multi-objective MILP model
for interactive EB scheduling and charging under realistic operational constraints, (ii) de-
velopment of IH algorithm as a computationally efficient large-scale alternative to MILP,
and (iii) a comparative assessment of MILP and IH approaches across multiple scenarios,
highlighting trade-offs between accuracy and computing efficiency.

The remaining part of the paper is organized as follows. Section 2 defines the EBSP,
including decision variables, constraints, and objectives. Section 3 presents the optimization
methodology, covering both MILP and IH approaches. Section 4 describes the case study
and analyzes the optimization results comparing MILP and IH solutions. Finally, Section 5
provides concluding remarks and outlines future research directions.

2. Problem Definition
2.1. Electric City Bus Scheduling Framework

Different charging stations (e.g., those at depot, end stations, etc.) may have different
operating parameters, including (i) charging power and (ii) the number of EBs they can
accommodate for charging simultaneously (i.e., number of chargers). A general scenario
of continuous, full-day operation is considered, which unifies night charging and fast
recharging, and satisfies the charge sustaining condition at the end of operational day,
meaning that each EB starts and finishes an operational day with full battery for repeatable
(sustaining) operation the next day(s). It is assumed that bus lines, timetables, charging
station locations, and the number of available charging spots per station are predetermined
and available for EB scheduling. Additionally, the hourly varying charging unit price for
each charging station is assumed to be known in advance. Accordingly, the proposed
formulation jointly determines trip-to-EB assignments and charging decisions to minimize
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fleet size, deadhead distance, and charging cost, while satisfying operational timing, battery
capacity, charging station availability, and charge sustaining constraints.

Figure 1 illustrates the EB scheduling optimization process, which begins by deter-
mining the minimal number of EBs required to complete the given timetables under the
assumption of abundant battery capacity (Block A). Once the minimal fleet size is deter-
mined through MILP optimization, the next step focuses on optimizing trip assignment
and charging schedules, where each timetable trip is allocated to an EB, aiming to minimize
deadhead distance and charging cost (Block B). The deadhead distance is defined as the
total distance traveled by empty EBs as they move between different routes to either start
their next service trip or recharge at designated charging stations. To explore a trade-off
between fleet size and deadhead distance (and also charging cost), the scheduling optimiza-
tions are conducted for a range of EB fleet sizes, starting from the minimum number and
being incrementally increased (Block D) until the deadhead distance saturates (Block C).

* denotes optimal values obtained from the optimization. D

Begin
Scheduling

Incorporate
Additional Bus

Optimize Fleet Minimize

Size by Deadhead N .
Minimizing Distance d d*(B),p"(B) Has Deadhead

Number of and/or Charging Distance Converged?

Required EBs B Costp
d*(B)—d*(B-1)=0

Finish

Figure 1. Flowchart of sequential EB scheduling optimization process.

2.2. Problem Formulation

Let N denote the set of service trips awaiting scheduling, and K the set of available
EBs. Each EB k € K is equipped with a battery of energy level ¢k, bounded by its respective
minimum and maximum limits eX . , and ek, thereby allowing for a heterogeneous fleet.
Additionally, two specific points are defined: Dy, the depot starting position (source) where
EBs initiate their operations, and Dj, the concluding point (sink) where EBs end their
service. In the considered EBSP configuration, these two points are set to coincide, i.e.,

Dy = D;. Each service trip i € N is defined by the following attributes:

Start time: s; (minutes from midnight).

Duration: ; (minutes).

Energy consumption: ¢; (kWh).

Start location: S; (2D Cartesian coordinates [m, m]).

End location: E; (2D Cartesian coordinates [m, m]).

Furthermore, a set R represents all charging stations, where each station r € R is
characterized by the following constant parameters:

e  Itslocation: Situated either at the starting or end stations of the trips (S;, E;), i € N, or
at the depot (Dy, D;;), or at any other designated charging location (terminal) within
the network.
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e  Charging power g,: Defined in kWh/min at which an EB is recharged.

e  Charging spot capacity U,: The maximum number of EBs that can charge simultane-
ously (i.e., the number of chargers).

e  Hourly charging price p,(t): Defined in monetary units per kWh at time ¢, where t € T
denotes a discrete time point within the total operational timeline T of the EB system.

Finally, the travel time ty, and the respective traveling distance dy, and energy con-
sumption cyy are introduced to denote deadhead traveling between a service trip i to a
charging station r (x = i, ¥ = r), a charging station r to a service trip j (x =r, y = j), and
between two consecutive service trips, i and j (x = i, y = j). Note that deadhead time,
distance, and energy consumption can be zero when the end station of a trip coincides with
the departure station of the next trip (E; = S;) or when a charging station is located at the
trip’s end station.

When performing EB scheduling, it is essential to address both conventional schedul-
ing constraints and those unique to EBs. The conventional constraints include:

1. Trip assignment condition where each service trip must be assigned to one, and only
one, EB:
Y af=1,VieN, (1)
kek
where ai.‘ is a binary variable indicating whether ith trip is assigned to kth EB (ai-< =1)
or not (aif =0).

2. Peasible sequences, where each EB must follow an operationally achievable sequence
of service trips:
sj = s +ti +ti; V(i j) € Nk, (2)

where the set N C N comprises ordered consecutive trip pairs (i,j) of kth EB,
ensuring that the start time s; of succeeding trip j must not be earlier than the end
time s; of preceding trip i plus the travel time between them ¢;;.

EB scheduling is constrained by the predetermined lower and upper battery
energy capacities:
Chin < €(t) < g VEET. (3)
Further, each charging station can accommodate only a predetermined number of
EBs simultaneously:

u(t) < Uy, Vr €R, Vte€T, 4)

where u,(t) indicates how many EBs are charging at station r at time instant ¢. Finally,
every EB must complete its operational day with a fully recharged battery, meaning its final

energy level ek (Sffirs - m) must match its initial energy level (charge sustaining condition):

k( k k( k k
€ (Sfirst,next> =e (Sfirst> ~Cmaxs Vk € K, (5)
where si‘cirst’n oxt = s?ir o T 1440 (1440 min = 24 h). This condition ensures repeatable day-
to-day operation, i.e., the schedule remains feasible on consecutive days with no gradual
battery depletion, which would, otherwise, be enforced to reduce the charging cost over
a single operational day. In a specific (comparative) study, the initial and end battery

energy level may be set to be lower than ek ., i.e., one may set ¢ (sﬁiim> > efarget, and

ek (Sffirs e t) > e’t‘arget, where e{‘arget < ek . is a user-defined energy target.

Each charging station r € R is associated with a set of charging events
H" = {1,2,...,H},.}, where each event i € H’ represents a one-hour time window.
Charging sessions must be fully contained within a single event (i.e., within one hour), but
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the start time and duration are arbitrary within that window (and can be extended to the
subsequent window through a new event). This enables flexible charging durations while
ensuring that the full session is billed at a single, well-defined price p,(t). For each event
h € H', the applicable charging price is defined as:

P = pr(srh)/ (6)

where s, is the start time of event /1 at charging station r. The first charging event at station
r begins at the earliest possible arrival of any EB, rounded down to the previous full hour
to align with discrete hourly electricity price intervals:

Sr1 = {min(si +t+ tir)J : ()
ieEN

hour

Subsequent events are spaced in fixed one-hour intervals (At = 60):
spp=s1+(h—1)-At,Vhe H'". (8)

The charging event horizon is extended to incorporate overnight charging and ensure
compliance with the charge sustaining condition at the end of the day:

SrHhax — [slﬂSt + 1440-‘ hour’ )

where s;,; is the start time of the last scheduled trip of the previous day. While a finer
discretization (e.g., 15 min intervals) could provide higher temporal resolution, the hourly
discretization is chosen to align charging decisions with hourly electricity price signals and
to limit computational complexity. Importantly, this does not enforce EBs to exclusively
charge for a full hour or wait for the next hourly slot, since the charging amount within
each interval is optimized as a continuous decision variable and can take on any value
between 0 and 1 h (see the charging management results in Section 4.2). To assess the
impact of this modeling approach, a finer time discretization is examined in Section 4.
Furthermore, the following supplementary sets are defined to capture the relationships
between service trips, charging events, and vehicle schedules, providing a structured
representation of feasible transitions, timing constraints, and operational limitations:

e  F(i): The set of trips j that can feasibly follow trip i, where s; > s; +t; + t;; according
to (2).

e  B(i): The set of trips j that can precede trip i, where s; > s; +t; + t;;.

e  F.(r,i): The set of charging events & at charging station r, which can begin after trip i
is completed and the EB reaches the charging station, where s,;, > s; + t; + t;;.

e  B.(r,i): The set of charging events & at charging station r, which occur before the EB
starts trip i, where s,;; <'s5; — t,;.

e  F(r,h): The set of trips i that can start after charging event / at charging station ,
where s; > s, + t,;.

e  Bj(r,h): The set of trips i that can end before charging event h at charging station r,
where s; < s, — t; — t;;.
Several binary decision variables are introduced to optimize the EB fleet scheduling

and charging:

e xK € {0,1}; Vk € K,Vi € NUD,y,Vj € F(i) UDy: Indicating whether EB k € K

o)
performs service trip j € F(i) after service trip i € N (implies a;‘ = a;‘ = 1in (1)).
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k k
Xjje;

k ok ook ok ok ok
T YirnCrn + Znj€j + Winlipq = X

. yfrh € {0,1}; Vk € K,Vi € N,Vr € R,Vh € F,(r,i): Indicating whether EB k € K
begins charging at event 1 € H" on charging station » € R after completing service
tripi € N.

° Z];hj € {0,1}; Vk € K,Vr € R,Vt € T",V] € Fi(r, h): Indicating whether EB k € K starts
service trip j € N after completing charging event h € H" on charging station r € R.

° wlr‘h € {0,1}; Vk € K,Vr € R,Vh € H": Indicating whether EB k € K continues
charging at the subsequent event 1 +1 € H" on the same charging station r € R after
charging event h € H'.

Additionally, continuous decision variables are introduced to track and manage the
battery energy levels of each EB throughout its operation:

min’
before starting service trip i.
o b€ {ek eﬁlax] ; Vk € K,Vr € R,Vh € H": The battery energy level of kth EB just

min’
before it begins charging at event & on charging station r.

° elgh,rh € 10, ei‘mx — ¢k )} ; Vk € K,Vr € R,Vh € H": Amount of energy charged to

min

. e;( € {ek e’fnax}; Vk € K,Vi € N (or e}‘ for trip j): The battery energy level kth EB just

kth EB during charging event / at charging station r.

An energy level of individual EBs evolves through two processes: energy decrease
due to consumption during trips and deadhead travel, and energy gain due to charging.
Conceptually, the binary variables select the next action of each EB (drive to the next
trip or charge), while the continuous energy variables track the battery state along the
selected sequence. Feasibility is then guaranteed by time-sequencing constraints, charging
station capacity limits, and battery bounds, together with the end-of-day charge sustaining
condition. As illustrated in Figure 2, the battery state of kth EB is updated depending
on whether it (i) completes trip i and travels from the end of trip i to the start of trip
j (xfj = 1), (ii) completes trip i and proceeds to charging event h at charging station r

(y;‘rh = 1), (iii) charges during charging event h at charging station r and then departs to

k

the start of trip j (Zrhj

= 1), or (iv) charges at event / and continues charging during the
subsequent charging event & 4 1 at the same station r (w’r‘h i = 1). At each discrete step,
only one of these transition variables can be active, reflecting a single action taken by the
EB. The corresponding energy variables ef and e’r‘h are constrained to remain within the
battery limits (3), and the overall schedule must satisfy the charge sustaining condition (5),
ensuring repeatable day-to-day operation. The change in the EB energy level is covered by
the following (unified) battery state equation:

Kok ok ok ok ko k ok k(o N ok (e N ok ok
ek + Vimer + Zmen + Wiy, — x5 (ci+ cip) — v (ci+ cir) — Zycr + egy

10
Vj € N,Vi € B(j),Vk € K, Vr € R,Vh € F.(r,i) U B.(r,}), (10)

where the charging energy elc(h,rh is constrained by:

0< e’gh’,h < g (w]:h<srh+] —5) +z’r‘hj (sj —tj— srh)); Vj € N,Vi e B(j),Vr € R,Vh € F.(r,i) UB(r,}), (11)

ensuring that the charge intake is non-negative and does not exceed the maximum possible
energy that can be charged within the available time frame under the given charging power
gr. Note that the upper limit reduces to zero if no charging takes place, i.e., if Z]r(h i = 0and

k
w,, = 0.

https://doi.org/10.3390/en19030867


https://doi.org/10.3390/en19030867

Energies 2026, 19, 867

8 of 26

k _ k _ ok k  _ ok
e; e, =e; +Cq ejf =ep+C; ep1 =€ +C3

: : Yﬁ-hu =0 Battery energy e
1
1
1

k=0 ! ;=0

C3= —cyy

1

I

I

|

! = k

! Yirne1 =1
|

1

1

I

0

k _
[ S S Yjrh+1 =

k _ 1 C3=0

Cz = _Ci]'

k —
Yirn+1 =1
C3 = —cjr

wip =0 |
! C3=0 1
C,=0 k

z Wirh :k
Yy, =1 C3=ecprn

k -
1 Yjrh+1 =0
C3 = —C]'

C, = ek ko
2 “chrh Yirhe1 = 1

C3 = —Cj —er

Charging station r

s Srh Sj—ty s; Sra+1 Time of day

Figure 2. Visualization of EB scheduling problem formulation.

As an illustration, in the case of z’r‘h i = 1 with xf-‘]- = yf»‘rh = w’r‘h = 0, relation (10)
reduces to e}‘ = e’r‘h — ¢yj + €cp,mm, Which means that the energy at the beginning of jth trip,
e;.‘, is determined by the energy level at the beginning of preceding charging event & at the
charging station r, ¢f,, energy charged during that event, e, 4, and energy consumption
for traveling from charging station r to trip j (see illustration in Figure 2).

To optimize EB fleet utilization while satisfying service requirements, the primary
objective is to minimize the number of EBs deployed, which directly impacts the investment
costs (Block A of Figure 1). As the total fleet size corresponds to the number of EBs
dispatched from the depot Dy, the objective function is expressed as:

min)" Y« ;, (12)
keKieN
subject to constraints (1)—(5), which ensure at least one feasible assignment of all service
trips given operational and energy constraints.
The secondary objectives to be minimized include the total deadhead distance and the
total charging cost (Block B of Figure 1):

min) ) ) dljxl]+ Y3 ) diyk, + YY) )Y 4 zrh], (13)

keKieN jeF(i) keKieN heF.(r) keKreRheH" jeF;(r,h)
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minz 2 2 Prhelc(h,rh' (14)

keKreR heH’

3. Solution Approaches
3.1. Insertion Heuristic (IH) Algorithm

The IH scheduling algorithm iteratively assigns service trips to EBs while satisfying
imposed operational and energy constraints. Although it does not guarantee a globally
optimal solution, its ability to quickly generate feasible schedules makes it valuable for
large-scale problems where exact methods are computationally prohibitive. Additionally, it
provides a strong baseline against which more advanced optimization techniques can be
compared and refined. The overall IH approach is given by Algorithm Al (Appendix A)
and described as follows.

The IH algorithm starts by assuming all EBs k € K depart from the depot Dy with
a full battery energy level ek ... All trips j € N are then sorted by their start times s j to
ensure a sequential handling order. For each trip j, the set of available EBs K is randomly
shuffled before assignment, forming a shuffled subset K; C K. The introduced stochasticity
allows the heuristic algorithm for exploring different assignment patterns across multiple
consecutive algorithm executions to construct a Pareto frontier in the considered objectives.
For each shuffled EB k € K}, an initial schedule feasibility check is performed based on (2).
In addition, it should be checked if the charge sustaining condition (5) could be satisfied
after completing trip j, i.e., if the EB can reach a charging station and fully recharge before
the start of its first scheduled trip the next day:

Sf + t/ + tf" + tCh + tsafﬂfy S S;c‘irst,next' (15)

where ty, .1y is a fixed buffer accounting for operational uncertainties, set based on engi-
neering judgment or historical data [29], and ¢, is the time required to fully charge the EB
after trip j:
k k
€max — (e‘ + C]'r*)
ten = ] . (16)
qr

Here, the energy consumption ¢j,« and the charging price q,+ are determined based

on the nearest available charging station r*. If the closest charging station cannot be
used due to the breach of simultaneous charging capacity constraint (4), the next nearest
charging station is evaluated. The kth EB proceeds to the assignment phase only if both
conditions (2) and (15) are satisfied; otherwise, it is excluded from the working set IC]-, and
the next EB in the shuffled set is evaluated. Once an EB passes the initial feasibility checks,
the available battery energy is verified to determine whether the EB can perform trip j.
Specifically, it must have sufficient energy to (i) pass to the starting station of trip j (from
trip i), (ii) perform trip j, and (iii) reach the nearest charging station r* after trip completion:
65-( —Cj —Cjj —Cj — Cjp > efmn. (17)

Once a suitable EB is found while iterating through Kj, the assignment is completed
and the process moves to the next trip.

If, however, no EB in K; can perform trip j due to insufficient energy, the iteration over
the shuffled set is restarted, and the EBs are re-evaluated to determine if they can feasibly
insert a charging event between trip i and trip j, i.e., if the following condition is satisfied:

k k
ey — Ci — Ciy > Erin- (18)
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If (18) holds, the minimum required charging energy after ith trip is calculated as:
—=c; . . . k k .
€req = Cir + Crj + ¢j + Cjrs + (emin —e — cl). (19)

Available charging events i € H" are then evaluated to ensure if they fit within the
available time window between trips i and j, namely:

sittit+ty <sp <sj—t; (20)

while also satisfying the simultaneous charging capacity constraint (4). If a single charging
event does not provide sufficient energy to meet e,e; (i.e., if §r(Sp1 — ;1) < ereq), multiple
sequential charging events are checked. The algorithm then searches through all possible
sequences of consecutive charging events and selects the sequence with the lowest total
charging cost defined by (14). If no feasible charging option exists at the current charging
station, the algorithm proceeds to evaluate the next closest charging station. If no charging
station can satisfy the required energy, timing, and simultaneous charging constraints,
the algorithm then proceeds to evaluate the next EB in the shuffled set K'; until a suitable
assignment is found.

After all trips have been assigned, a final charging phase is scheduled at the end of the
operational day to satisfy the charge sustaining condition (5), ensuring that each EB is fully
recharged and ready to operate the next morning. Charging can take place at any available

station, not necessarily at the depot D,,. To prioritize charging operations, EBs are sorted

k
available’

and the end time of their final trip sﬁ‘cin aT tj‘[in ol

based on their available time gap ¢ defined as the difference between the start time

of their first trip the next day Sj(‘irst,n ext

k k k k
tavailable = Sfirst,next - (sfinal + tfinal)' (21)

The total energy required for additional charging is defined as:

k k
€req = €max — efinlzl — Cfinal — Cfinal,r- (22)

Potential charging stations r for final charging are evaluated sequentially, starting with

the closest one. Available charging events h € H" at charging station » must (i) fit within the
k

firstnext’
the simultaneous charging constraint (4). If no feasible sequence is available at the current

charging availability time window, i.e., s;+t; +tj; <s; <s and (ii) comply with

charging station, the next closest charging station is evaluated, and among all feasible
options, the lowest-cost sequence is selected according to (14).

3.2. Mixed-Integer Linear Programming (MILP) Formulation
3.2.1. General MILP Formulation

The general form of MILP problem is given as follows [30]:

min ¢/x+dTy, (23)
Xy
subject to:
Ax+By <b,Dx+Ey=excR" ycZ", (24)

where x and y represent the vectors of continuous and integer (binary) decision variables,
respectively, c and d are cost coefficients of the objective function, A, B, D and E define the
constraint matrices governing system relationships, and b and e are constraint limits based
on operational requirements. Thus, the overall optimization problem should be prepared
in the form (23) and (24) to be appropriate for solving with existing MILP solvers. While
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min Z

kekK

the MILP solvers can generally handle equality constraints directly (Dx + Ey = e), they are
often reformulated through two inequalities (Dx 4 Ey < e and Dx + Ey > e) (or eventually
relaxed via slack variables) [30]. This approach improves numerical stability, and also
allows the solver to treat all constraints in a consistent format, which simplifies presolve
and improves convergence [31]. The MILP solvers offer robust capabilities, including
guaranteed global optimality, convergence to feasible solutions, and automatic termination
if constraints cannot be satisfied. For this study, the Gurobi solver [32], accessed through
the PuLP library in Python, is utilized to solve the MILP formulation.

3.2.2. Objective Functions

The main aim is to provide Pareto optimal solutions in terms of total number of
EBs, deadhead distance, and charging costs. In the first step, the optimization focuses on
minimizing the number of EBs in accordance with objective function (12), which is needed
to cover all trips (Block A in Figure 1; Section 2). To explore the trade-off between the
deadhead distance and charging cost, objectives (13) and (14) are combined into a weighted
normalized objective function:

Y Y dpd Y Y dft LY T dgh, +%Z Y ok | @9

iEN jeF(i) i€EN heF:(r,i) r€RheH" jeF;(r,h) maxreR he H
where djy = max (dl],dl,, d, ) and pyay = max  (p,y,) are reference values used
ieN,jeF(i),reR reRheH"

for normalization, and a; and &, are the weighting factors satisfying a1 +a, = 1 and
allowing for adjusting trade-off between the two objectives. It should be noted that, in
general, the weighted-sum approach may not capture non-convex regions of the Pareto
frontier, in which case alternative approaches such as the e-constraint method or Chebyshev-
based scalarization can be applied [33].

3.2.3. Vehicle Scheduling Constraints

The first vehicle scheduling constraint addresses the trip assignment condition (1),
enforcing that every trip j is either preceded by another trip i from the feasible set B(j)
or follows a charging event / at charging station r, belonging to B.(, j) (see Section 2 for
definition of the sets and decision variables):

Y Y Sy Y Y m=LVjieN (26)

keKieB(j) keKre€R heB.(r,j)

To ensure a continuous sequence of trips and charging events, the following flow
conservation constraint enforces that the schedule assigned to each EB remains connected
and feasible:

Yoy Y oz rh] Zx]lJrZ ) y]rh, Vj € N,Vk € K. (27)

i€B(j)) r€R heB.(r,f) 1eF(j) r€R heF,(r,j)

More specifically, it guarantees that every trip j € N has exactly one predecessor m,
which can be another trip i € B(j) or a charging event (r,h) € B.(r, ), and one successor,
either another trip | € F(j) or a charging event (r,h) € F.(r,j). Building upon the flow
constraint, it is further required that each EB either departs after charging or continues
charging in the next time slot:

Y v twh o= Y 2 +wh; vreRVhe H Vke K. (28)
iGBi(T,]’l) jGFi(T,h)
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To ensure that, during the deadhead distance and charging cost minimization given
by (25), the schedule uses exactly B EBs optimized through (12), the following constraint

Yy x’goj = B. (29)

kEKjEN

is imposed:

3.2.4. Energy Consumption Constraints
The initial energy constraint ensures that each EB starts its operation with a fully
charged battery:
eh, = Chax; Yk € K. (30)

Furthermore, each EB must satisfy the general energy feasibility constraint (3). Firstly,
k

the EBs’ energy levels are to be kept above the minimum threshold e .. while accounting

for the energy consumption for the next trip:

& > epint it Y xicii+ Y, Y. Yicw Vi€ NUDy VK€K (31)
JEF(i) rE€R heF,(r,i)

In addition, if an EB charges at station r before starting trip j (z’r‘h = 1), its energy level
after charging must be sufficient to reach trip j:
K>k 1ok M (1—zk ) VreR,Yhe H Wk € K,¥j € E(r,h),  (32)
j = ©min rhj“rj 1 hj ) ’ , /Y] i\r, 1),
where a sufficiently large constant M; (big-M; [34]) is used to deactivate the constraint
when no charging occurs. Similarly, the following constraint enforces the upper battery
energy limit for kth EB being charged at station r before trip j:
e < ek — et M2<1 - z’,‘hj> ; Vr € R,Yh € H',Vk € K,Vj € E(r,h). (33)

The number of EBs being simultaneously charged at station r must not exceed its
available charging spots U, (cf. constraint (4)):

Y ¥ ot Lk <UsvreRVheH 69
k€K jeB;(rh) kekK

It is also necessary to ensure that each EB completes its schedule with a fully charged
battery according to the charge sustaining condition (5), i.e., the energy level at the final
depot (sink, D) is to reach its maximum level:

eh, > ehaw Yk EK. (35)

As discussed with constraint (5), this constraint can be relaxed by replacing ek ., with
a user-defined terminal target e{‘arget < ek .., and the same relaxation applies to the initial
energy constraint in (30). Note that (35) when combined with (33) for j = D, implements
the equality constraint e’f)n = ek . (see discussion in Section 3.2.1). Moreover, to ensure that
every EB completes its daily operation by returning to the depot, it is required that each EB
k € K is assigned exactly one transition from its final charging event / at station r to the
sink D,, (including the case where the final charging event r occurs at the depot D, itself):

Y ¥ zhp, =1 VkeK (36)
reRheH"

To ensure that EBs have sufficient time to fully recharge before starting service on the
following day in accordance with (5), it is necessary to verify that the final charging event
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k k
e]' Serh+z

k
rhj

is completed early enough in relation to the first trip the next day. This constraint links the
first trip j departing from the depot Dy the next day with the EB’s return to the depot D,
after the finish of its last charging event h at charging station r:

sj+ 1440 > s 1 — M3(2 — xf, ; — 2,p, ); Yk € K, ¥r € R, Vh € H',¥j € Fy(r,h).  (37)

The following two inequalities implement an equality constraint on energy conserva-
tion between two consecutive service trips i and j assigned to the same EB (cf. (10)):

k . . .
ek < e;‘ — xij(cl- + cl-]-) + efnax (1 — x@-); Vj € NUD,,Vi € B(j),Vk € K, (38)

ek >k xf].(ci +ey) — efnax(l - xff].); Vj € NUD,,Vi € B(j),Vk € K. (39)

The constraint is deactivated through the big-M approach (with M = ek .., specifically)
if no direct transition occurs between the two trips (i.e., if xf«‘]« =0).

Similarly, the following constraints govern the energy conservation when transitioning
to a charging station (cf. (10)):

e’,‘h < e;‘ — yi-(rh(ci +cip) + eﬁnax (1 - yfrh); Vr € R,Vh € H',Vk € K,Vi € B;(r,h), (40)

ey = ef = yhu(ci+cir) — e (1- ¥y ); Vr € R,Vh € H, Wk € K Vi€ Bi(r,h). (1)

Next, a couple of additional constraints are introduced to account for energy conser-
vation in the cases when an EB undergoes charging, again in accordance with the energy
state equation (10) (see also Figure 2). Unlike trip-to-trip transitions, strict energy balance
is not imposed here; instead, the charging amount is treated as a decision variable within
the available time interval of duration At, constrained within the feasible range defined
by (11) and optimized to minimize costs (14). If an EB charges before trip j (i.e., z’r‘h i = 1),
its energy is updated based on the available charging time, charger power g,, and energy
needed to reach trip j from charging station r:

((5; = trj = 5)r =€) + Choax (1 - z’;hj); Vj € NUD,,Vr € R,Vh € Be(r, j),Vk € K, (42)

e;‘ > e’,‘h —Crj— elr‘nax (1 — Z’;hj); Vr € R,Yh € H',Vk € K,Vj € E(r, h). (43)

Constraint (42) defines the upper bound, allowing the EB to charge up to the maximum
feasible energy level permitted by the absolute limit in (33), while constraint (43) defines
the lower bound, ensuring that the EB’s energy after charging cannot be lower than what
it would have been if it had left the station without recharging. Similarly, the following
constraints ensure energy conservation when charging EBs across consecutive time slots:

ehyr < ey + w0l (S — 5m)qr + b (1 - w’fh); VreRVhe H' ,Vke K, (44)

e = ey — ey (1 - wlr‘h); Vr € R,Yh € H',Vk € K. (45)

Building upon the charging energy bounds (42)—(45), the following two pairs of
constraints are introduced to explicitly link the actual change in the EB’s battery level and
the charged energy used in the total charging cost (14):

b — (F+ e — b)) < Ma(1-25,); vr € R Wh € H Wk € K,Vj € Fi(r,h),  (46)

b — (e +cj—ely) = —My(1- 2l ); ¥r e RVh € H k€ K,Vj € B(r,h),  (47)
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b — (e —€by) < Ms(1—wh); ¥r e RVh € H', ¥k € K, (48)
ehn — (e —€) = —Ms(1—wh,); ¥r € R,Vh € H', ¥k € K. (49)

4. Case Study and Optimization Results
4.1. Case Study Description

The proposed optimization method has been evaluated through a case study involving
20 trips (i.e., trip set cardinality |[N| = 20) spanning across nine distinct bus lines. As
specified in Figure 3 and Table 1, each line is defined by two endpoints selected from a
set of five predefined end stations (including two charging stations), which are uniformly
randomly distributed in a 30 x 30 Cartesian grid to ensure line diversity. Based on the
station locations, both service line and deadhead distances are calculated and distinguished
in Figure 3 by solid and dashed lines, respectively. The EBs and charging stations are
assumed to have the battery capacity of ek, = 60kWh and the power capacity of 84 kW,
respectively. Three EBs can simultaneously be charged at each charging station (U, = 3).
In all experiments, the safety margin included in constraint (15) is set to ff.r, = 0 min to
avoid introducing additional conservatism into the schedules.

_s4 s1 25.0
25.0 :
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i
20.0 : 20.0

T
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E
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pe °
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Figure 3. Spatial representation of bus stations, lines, and charging stations.

Table 1. Trip timetable and energy consumption.

Trip i

Departure Time s; Arrival Time s;+¢; Starting Station S; Final Station E;  Energy Consumption c;

[min] [min] [-] [-] [kWh]
1 319 348 S1 S4 12.03
2 342 364 52 S0 17.91
3 350 374 S0 S3 16.89
4 358 388 S1 5S4 25.62
5 391 408 S3 S0 18.21
6 400 420 S3 S0 19.83
7 441 489 S3 S1 30
8 443 470 52 S4 19.57
9 465 483 S1 S0 18.57
10 518 535 54 S2 12.62
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Table 1. Cont.

Departure Time s; Arrival Time s;+#; Starting Station S; Final Station E;  Energy Consumption c;

Trip [min] [min] [-] -] [KWh]
11 566 587 S1 S4 25.63
12 573 597 SO S2 13.15
13 590 610 SO S3 11.35
14 593 608 S4 S2 9.69
15 598 617 SO S2 14.13
16 602 618 SO S3 11.39
17 644 670 S2 S0 19.27
18 717 732 S2 S0 19.45
19 720 748 SO S2 11.38
20 781 803 S3 S0 10.34

The trip departure times from Table 1 are randomly sampled from the uniform dis-
tribution, s; ~U(0,1440) [min], where the time gaps between consecutive trip departures
are drawn from As; ~4(0,50) [min]. The average trip velocities and corresponding en-
ergy consumption rates follow v; ~4(20,40) [km/h] and ¢; ~24(0.4,1.3) [kWh/min],
respectively, where ¢; is expressed in kWh per minute (rather than per kilometer) to re-
main consistent with the time-based scheduling and charging formulation. The charging
price profile is shown in Figure 4, and it reflects a typical daily pattern, with higher rates
occurring during peak hours.

0.45
=)
0.40 g
E ® =l 1-I
E 0.35 r— |
= *> 1 &=
w 0.30 1 . - | |
© 1 | [ = |
2 |
q 025 J &9
o i f [ ¢
£ 020 | o0 8
j -
a |
0.15
2 3
> 0.10 s =W Charging Stations
S 0.05 Charger 0
o == Charger 4
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0 2 4 6 8 10 12 14 16 18 20 22 24
Hour of Day [h]

Figure 4. Charging price time profile.
4.2. Multi-Objective Optimization Results

The EB scheduling problem was solved for the transport system from Section 4.1 by
using the optimization setup outlined in Figure 1 and the IH and MILP methods proposed
in Section 3. In the first step, the minimum number of EBs required to cover all trips
from Table 1, while maintaining their feasibility, was determined by the MILP approach
formulated by the objective function (12). It was found that six EBs were required to
accommodate all 20 trips. In the second step, both optimization methods were applied
to simultaneously minimize the deadhead distance and the charging cost for the fleets
with the minimum and incrementally increased fleet sizes (Figure 1). By shuffling the set
of available EBs K (Section 3), the IH method generated 10,000 feasible solutions for each
considered fleet size. Meanwhile, the MILP approach explored the trade-off between the
deadhead distance and charging cost through changing the weighting coefficients of the
weighted objective function (25): a7 € {0, 0.25, 0.5, 0.75, 1} and ap = 1 — a;.

https:/ /doi.org/10.3390/en19030867


https://doi.org/10.3390/en19030867

Energies 2026, 19, 867

16 of 26

The optimization results are shown in Figure 5 for the minimum fleet size. From the
large set of feasible solutions produced by the IH algorithm, only the Pareto optimal ones
are shown in Figure 5b. They represent best-performing trade-offs, while most run-to-run
variability occurs among dominated (non-Pareto) solutions. These non-dominated IH
solutions (red circles) align closely with the globally optimal MILP results (blue squares).
The MILP results point out that, when only the charging cost is concerned (x; = 0), the
obtained solution is nearly identical to the one produced when both objectives are weighted
equally («1 = ap = 0.5). When only deadhead distance is minimized (¢; = 1), the deadhead
distance barely reduces compared to the case a; = a; = 0.5. In summary, narrowing
the optimization to a single objective leads to a solution that is approached by the dual-
objective solution in the same (single) objective. This effect is further illustrated in Figure 6,
which compares the trip and charging schedules for the following two optimization cases:
(a) deadhead distance minimization only (¢; = 1, Figure 6a), and (b) combined deadhead
distance and charging cost minimization (#; = 0.25, ap = 0.75; Figure 6b). As shown in
Figure 5, the total deadhead distance remains nearly identical in both cases, even though the
charging costs differ significantly. Figure 6 visualizes how the charging events distribute
in time. In Case (a), the charging cost is not accounted for, leading to the charging of
several buses during high-tariff periods (e.g., between 1000 and 1300 min). That is, the
charging decisions are purely driven by trip sequencing feasibility for deadhead distance
minimization, i.e., with no regard for economic efficiency. In contrast, in Case (b), charging
events are rescheduled towards off-peak periods with lower tariffs. A similar effect was
observed when only the charging cost was minimized (case x; = 0, ap = 1 in Figure 5a).
In this case, the optimizer naturally selects the cheapest available charging options while
ensuring feasibility, and as the feasible set of solutions does not significantly impact the
deadhead distance, the resulting routes remain largely the same.
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Figure 5. Comparison of MILP and IH solutions for minimal feasible fleet size (six EBs) (a) and
corresponding Pareto frontiers (b).
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Figure 6. Bus trip and charging schedules for deadhead distance minimization only (¢; =1, ay = 0)
(a) and combined deadhead distance and charging cost minimization (1 = 0.25, ay = 0.75) (b) for
minimal feasible fleet size (six EBs).

Figure 5b further indicates that the Pareto frontiers are quite narrow, meaning that
no pronounced trade-off is observed between deadhead distance and charging cost. This
is because the two metrics are strongly correlated, i.e., increasing the deadhead distance
generally raises energy consumption and thus the total charging cost. Nevertheless, the
strength of this correlation is generally case-dependent and may weaken in networks with
stronger spatial /temporal price variability and charging infrastructure constraints, where
longer deadhead trips can enable access to substantially cheaper charging options.

Performing scheduling for incrementally enlarged fleet sizes reveals that the total
deadhead distance saturates at eight buses (Figure 7a). Both MILP and IH solutions follow
this trend, with IH Pareto solutions (dashed red line) closely aligning with the MILP
ones, demonstrating the effectiveness of the practical (computationally inexpensive) IH
algorithm in approximating the optimal deadhead distances. Figure 7b indicates that
increasing the fleet size generally reduces the total charging costs, as a direct consequence
of the reduced deadhead distance. Again, the IH solutions show a good approximation to
MILP results, especially for smaller fleets. Figures 7c and 8 provide a 3D representation
of the optimization results and the corresponding Pareto frontiers, which visualize the
trade-offs in a single plot and confirm the favorable accuracy of the IH solutions. The
designer can select any solution on the Pareto frontier based on specific priorities.

https://doi.org/10.3390/en19030867


https://doi.org/10.3390/en19030867

Energies 2026, 19, 867 18 of 26

200- @ (a3 . S
o (a) . @ 'H (binned) ”
2o ——- Pareto Front (IH) Ez
i 80 £
% : 150 - ga
g g 0SS
28100 i
E : 60 gu
oo ]
e -50
so- TR T e
6 ‘ ° 9
Number of Buses [-]
140-
- 60
2 120- b4 EE
—
2 55 @
25 100- %ﬁ
2= 5
U go- i
-2 I
e ~ 852
2 -4500
ol I -40
6 ! ’ 9
Number of Buses [-]
140- -
120- ° "

-

o

S
o
)

©
o

NN
o w
Number of Buses [-]

Total Charging
Cost [EUR]
()]
o
o
w

IS
=)

o

)

l(IJO léS 150
Total Deadhead
Distance [km]

Figure 7. Comparison of MILP and IH solutions across different fleet sizes: deadhead distance vs.
fleet size (a), charging cost vs. fleet size (b), and charging cost versus deadhead distance (c), where
color denotes the remaining variable.
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Figure 8. 3D Pareto frontiers extracted from MILP and IH solutions.

Table 2 further confirms that the deadhead distance reaches saturation for the eight-EB
fleet. When switching from six to seven EBs, the total charging cost in MILP reduces by 26%,
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and by an additional 14% for seven to eight EB shifts. The IH approach successfully finds
the global optimum in terms of deadhead distance and achieves near-optimal charging
costs for six and seven buses. However, for eight and nine buses, IH solutions exhibit
higher charging costs. This charging cost excess is apparently due to the larger solution
space, making it more challenging for the heuristics to consistently find the cost-optimal
charging configurations with the fixed number of designs.

Table 2. Comparison of minimal total deadhead distance and charging cost obtained by MILP and
IH solutions for different fleet sizes.

Minimal Total Minimal Total Minimal Total

Number of Buses Deadhead Deadhead Distance Charging Cost Mm‘lmal Total
B Distance (MILP) (IH) (MILP) Charging Cost (IH)
6 59.95 km 59.95 km 62.98 EUR 65.03 EUR
7 49.60 km 49.60 km 46.52 EUR 47.55 EUR
8 39.75 km 39.75 km 40.02 EUR 49.80 EUR
9 39.75 km 39.75 km 40.02 EUR 48.40 EUR

Table 3 compares the computational efficiency of the MILP and IH approaches. The
results show that MILP runtime increases sharply with fleet size due to the rapid growth
in binary variables and constraints, whereas the IH method maintains high scalability
and produces a large set of feasible solutions within seconds. Interestingly, IH runtime
slightly decreases as the fleet size grows, since a larger number of available EBs reduces
the need for inserted charging events and the number of iterations required for feasible
trip assignment. Memory usage follows a similar trend, with MILP demands increasing
moderately with fleet size, while IH requirements remain nearly constant. These results
demonstrate that computational efficiency is a key limiting factor for viable EB scheduling,
particularly for real-time and near-real-time applications, where operational changes may
require fast rescheduling. Accordingly, MILP mainly serves as an offline globally optimal
benchmark for smaller networks, whereas IH offers a scalable and computationally efficient
solution for large-scale problem settings, including real-time application.

Table 3. Computational performance comparison of MILP and IH approaches across different
fleet sizes.

Number of Buses B MILP Runtime [s] IH Runtime [s] MILP Memory TH Memory Usage

Usage [MB] [MB]
6 9050 90 162 141
7 15,250 86 166 141
8 24,300 74 171 142
9 36,400 70 175 142

Note: Computations were performed on a Dell G5 15 Laptop (Dell, Round Rock, TX, USA) equipped with an
Intel(R) Core(TM) i7-10750H CPU @ 2.60 GHz and 16.0 GB RAM (Intel, Santa Clara, CA, USA), running on 64-bit
Windows 11 Home. The implementation used Python 3.10 with PuLP and the Gurobi optimizer [32].

The impact of charging-slot discretization on MILP performance was evaluated by
solving the six-bus network (B = 6) for a four-fold finer charging time step At = 15 min.
As demonstrated in Table 4, the resulting deadhead distance and charging cost remain
unchanged owing to the flexible charging durations within each discretized time slot
(Section 2). However, the total MILP runtime increases substantially due to the larger
number of charging decision slots (and corresponding binary variables), while memory
usage rises only moderately.
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Table 4. Illustration of MILP computational performance sensitivity to charging-slot discretization
step At for six-bus network (B = 6).

Total MILP
Charging-Slot Runtime Avg. Runtime Mean MILP Minimal Minimal
Discretization (5 Weight per Weight Memory Usage Deadhead Charging Cost
Step At [min] Combinations) Combination [MB] Distance [km] [EUR]
[s]
60 9050 1810 161.8 59.95 62.98
15 28,146 5629 174.4 59.95 62.98
To further assess the scalability of the IH algorithm to larger-scale transport systems,
an additional analysis is conducted through increasing the system size in terms of the
number of trips |N| and EBs B, while simultaneously scaling the transport network in
terms of the number of stations |S|, charging stations |R|, and charging spot capacity U,.
All the remaining parameters (e.g., battery capacity, charging power, and electricity price
structure) are kept unchanged with respect to the original case study from Section 4.1. For
each tested network, the IH is executed to generate 10,000 feasible solutions, from which
the computational statistics are drawn. The results in Table 5 confirm that the IH approach
remains computationally tractable as the system size grows, with the runtime increasing in
a roughly linear manner with problem size and the memory usage remaining moderate.
Even for the largest tested network (|N| = 1000, B = 80, and |S| = 40), the average runtime
per generated solution remains below 1 s, supporting the applicability of IH for large-scale
offline planning and time-sensitive rescheduling.
Table 5. IH computational performance for increasing system size.
Numberof Tips - Numberof QLTS Charging Spots Total Runtime ] AV Runtime | Memory Usage
(Charging |R|) per Station U, per sofution (s
60 15 6(2) 3 378 0.038 142
100 20 10 (3) 3 574 0.057 145
150 30 15 (3) 3 827 0.083 152
200 40 20 (3) 4 1099 0.110 156
300 50 25 (4) 4 1843 0.184 177
500 60 30 (4) 5 3076 0.308 217
1000 80 40 (5) 5 6633 0.663 410

5. Conclusions

This study has dealt with electric bus scheduling through the minimization of fleet
size, deadhead distance, and charging cost. Two approaches were proposed: Mixed-Integer
Linear Programming (MILP), providing globally optimal solutions for small-scale systems,
and computationally efficient Insertion Heuristic (IH), designed to generate large sets of
feasible, near-optimal solutions.

A case study of a realistic transport network has demonstrated that the MILP approach
captures the trade-offs between deadhead distance and charging cost. The results reveal
that both deadhead distance and charging cost decrease with fleet size increase, until
reaching a saturation point. The IH approach produces solutions that closely approximate
the MILP Pareto frontier in the three objectives at a fraction of the computational time and
memory. This makes the IH method particularly suitable for larger-scale or time-sensitive
applications where MILP becomes computationally prohibitive.

Although this paper focuses on battery electric buses (BEBs), the proposed scheduling
and charging framework can readily be extended to plug-in hybrid electric bus (PHEB)
fleets and mixed BEB-PHEB fleets by adapting the trip-related battery energy consump-
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tion model, while preserving the same scheduling structure and infrastructure constraints.
Moreover, the proposed MILP and IH frameworks are not tied to synthetic assumptions and
can be directly applied to real-world operational data (e.g., trip schedules, charging prices,
and charger locations) without any structural changes. Currently, application of the pro-
posed framework is being carried out within the OLGA project [35], and the corresponding
results will shortly be disseminated through a publicly available project deliverable.

Future research could extend this framework by incorporating the optimal placement
of charging stations, real-time scheduling adjustments, stochastic trip demands, battery
degradation effects, and integration with timetabling and crew scheduling. Additionally,
the use of metaheuristics such as genetic algorithms (GAs) would enhance scalability and
adaptability in large, complex networks, potentially bridging the IH approach’s accuracy
gap with respect to the MILP benchmark while maintaining computational efficiency. The
development of such a GA approach is the subject of the authors” upcoming publication,
which would include a comparative IH vs. GA evaluation for large-scale systems.
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Abbreviations

2D Two-dimensional

BEB Battery Electric Bus

EB Electric Bus

EBSP Electric Bus Scheduling Problem

EV Electric Vehicle

GA Genetic Algorithm

H Insertion Heuristic

LNS Large Neighborhood Search

MILP Mixed-Integer Linear Programming
PHEB Plug-in Hybrid Electric Bus

SoC State of Charge

SDVSP Single Depot Vehicle Scheduling Problem
vsp Vehicle Scheduling Problem
Nomenclature

Sets

N set of service trips, indexed by i, j

K set of electric buses (EBs), indexed by k

R set of charging stations, indexed by r

H" set of charging events (time slots) at station r, indexed by h
T discrete time points within operational horizon
Dy depot source node (start of operation)

Dy, depot sink node (end of operation)

F(i) set of trips that can feasibly follow trip i
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B(i)

Fo(r,i
Bc(r,i)
Fi(r,h)
Bi(i’, h)
Parameters

Si

Prh

e e

min’/ ~“max
tsa fety

ten

B

N1, &2
dmax

Pmax

M, ..., Ms

set of trips that can feasibly precede trip i

set of charging events at station r feasible after trip i
set of charging events at station r feasible before trip i
set of trips feasible after charging event (7, )

set of trips feasible before charging event (7, h)

start time of trip i, min

duration of trip i, min

energy consumption of trip 7, min

start and end location of trip 7, m

deadhead travel from trip i to j, min

deadhead distance from trip 7 to j, m

deadhead energy consumption from trip i to j, kWh
charging power at station 7, kWh/min

charging spot capacity (number of chargers) at station r
electricity price at station r at time ¢, EUR/kWh
electricity price during charging event (v, h), EUR/kWh
start time of charging event (r, 1), min

duration of a charging event (charging time discretization step), min
minimum and maximum battery energy of kth EB, kWh
safety time margin used in feasibility checks, min

time required to fully charge EB, min

fixed fleet size used in multi-objective analysis
weighting coefficients for deadhead distance and charging cost objectives
deadhead distance normalization constant

charging cost normalization constant

large positive constants used for conditional constraints

Decision Variables

k
ij
k
Y lirh
Zrhj

k
Wiy

X

k
“
e ]’;h
Cehrh

Appendix A

1 if kth EB performs trip i directly after trip j, 0 otherwise

1if kth EB starts charging at charging event (r, 1) after trip i, 0 otherwise
1if kth EB starts trip j after charging at event (r, k), 0 otherwise

1if kth EB continues charging from event (r, ) to (r,h + 1), 0 otherwise
battery energy of kth EB before starting trip i, kWh

battery energy of kth EB before charging at event (r, /1), kWh

energy charged to kth EB during charging event (r, 1), kWh

Algorithm A1. Insertion Heuristic (IH) scheduling approach

Input
N

E(i)
H"
Uy
ek

min’

k

emax
Cis Cij, Cir, Crj
Prh

DO! Dn

rTTrTrTTTTTTT

set of service trips, sorted by start time s;

set of EBs

set of charging stations

set of trips that can legally follow trip i

set of charging events available at station r
number of chargers per charging station r

lower and upper individual battery energy limits
energy required for driving

charging rate during event & at charging station r
starting and final point of each EB being at depot
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Algorithm A1. Cont.

Output—decision variables
xf-‘j € {0,1}
yi’{rh € {0/ 1}
wk, € {0,1}
Z’rchj € {0,1}

k ko ok
e; € [emin, emax]

k k k
€y € [emin/emax]

EB k starts trip j immediately after trip i

EB k starts charging in slot /1 of charging station r after trip
EB k continues charging in the next slot 1 + 1

EB k starts trip j immediately after charging

battery energy level of EB k before starting trip i

TTTTTT

battery energy level of EB k before starting charging at event / at station r

INITIALIZATION

foreach EB k € K do
i’;,ev < Dy // previous trip, starting from depot D
31150 A ellfnax
S'])((irst,next —

xf 4= 0,5y, = 0,wyy, = 0,2, < 0;Vi, JEN, r €R, h e H'
end for
for each charging station r € R do
for each charging event 1 € H" at charging station r do
U 0
end for
end for
MAIN LOOP—assign every tripj € N
for each trip j € N do
ICj < RandomShuffle(K) / / working list for this trip
trip_assigned < False
// A. Direct assignment (no intermediate charging)
for each EB k € K; while !trip_assigned do
i — il;??’i’?}
// sequence & charge sustain checks
if i # Dy or j ¢ F(i) or |ChargeSustain(k, j) then
K; <+ K;j\ k // Excluding EB k from set K;
continue // To next EB candidate
r* < nearest charging station after trip j
if eﬁ.‘ —Cj = Cjj = Cj — Cj= > efmn then

k _
Xj; =
e;-‘<—e§-‘—ci—cij
trip_assigned < True
il;;rev A ]
if i == D¢ then

siil.r stnext < S+ 1440 // Define start of first trip for following day
end if

end for
// B. assignment with pre-charging (if needed)
for each EB k € K; while !trip_assigned do
i A il;??’@?)
for each station r € R (nearest-first from end of trip i) do
k

ax then continue

sf ok
ifef —c;i—cj <e
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Algorithm A1. Cont.

ereq < (Cir + Cpj + Cj 4 Cjpe) + el — (e{.‘ — ci)
H* < {he H|

Sitti+ty <sy < Sj— trj and uy; < ur}

]
// S contains ordered charging events hy ... hp

— ; k k
S:=arg mm{zhes Pri€ciy on Y hes Cenrh = ereq}
SCH*

if S # @ then
hq < first(S); hy, < last(S)
yf,‘rhl — Ly, <y, +1; e’r‘h] — ef-‘ —C; — Cjy

for each consecutive pair (h$, h$ 11)inSdo
if hyyq # hr then
k .
wrhI —1; Uy = Urhy ) + 1

end if

k k .
€y erhl—ir min (ereq,(Srhy ,, — s’hi) Gr)
end for

k .
Zopyj ¢ Loy, <y, +1

k k

€ ey Tt min (ereq, (8 = trj =S ) Gr) — Crj

trip_assigned <— True

iprev < ]
break
end if
end for
end for

if ltrip_assigned then
report “Trip j infeasible” and terminate algorithm
end if
end for

CHARGE SUSTAINING CONDITION

k — ok
sort(K) by tevailable = Sfirst,next B
foreach EB k € K do
for each station r € R (nearest-first from end of final trip) do
if e;‘cmal = Cfinal = Cfinal,yr < efnin then continue

_ Lk k
€req = €max — efiyml - Cfimzl - Cfinal,r

H* « (h € H'|
k k ) k
Sfinal + tfinal + tfmul,r <5 < Sfirst,next and
upy < Uy}
S := arg min{ Y5 Pre€eh,m| Lnes Cchm > req }
SCH*

if S # o then
hq < first(S); hy «+ last(S)
y;{‘inul,rhl Ly —umy + 1

k k o
€y S Cfinal — Cfinal — Cfinalr

for each consecutive pair (hi’ h$ 11)inSdo
if hyq # hp then

k .
wrhI —Lug gy +1

(sj(‘inal + t;inal) , in ascending order
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Algorithm A1. Cont.

end if
k k .
€y, €y, N (€req/(Syny ., — Sri,) 4r)
end for
k
Zyt, D, ~—1
b, < €y, +min (ereq/ (5 final — tr,final — Sth) qr)
break
end if
end for
end for

Auxiliary procedures

ChargeSustain (k, j):

for each station r € R (nearest-first from end of trip j) do
ten < elxcnax - (6;( + er) /qV
if sj+t 4+t +to+tsapery < S?irst,next return True

return False
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