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A B S T R A C T

This paper explores a cost-efficient resource assignment for urban battery-electric-buses (BEBs)
considering decision robustness based on the optimized charging plan. A network flow model
was proposed to minimize the operation cost with mixed fleet, nonlinear charging and the
constraint of charging station capacity. A sensitivity analysis was implemented using samples
generated from clustered real-world data to simulate traffic-dependent bus travel time and
energy consumption. The result shows that charging at night or with short duration in the
daytime significantly increases the operation cost. Sufficient charging resources improve the
robustness of the charging plan, while economic benefits merely increase when the charging
station capacity reaches a certain threshold. Bus operators can reduce the investment in
chargers to ensure both economic benefits and operation stability. When bus routes are longer
with higher energy consumption, buses with medium or high battery capacity become more
demanding, while the requirement on charging resources remains stable.

. Introduction

Bus electrification is one of the main strategies to tackle climate and energy issues on the urban scale. In 2020, the proportion of
lternative fuel buses in China is 66.2%, and it is proposed to reach 72% in 2025 (The State Council of People’s Republic of China,
021). Compared with traditional diesel-powered buses, battery-electric buses (BEB) have been proven to be more ecologically
eneficial and cost-competitive from the life cycle perspective (Dunn et al., 2015; Wu et al., 2018; Quarles et al., 2020). Despite
he development of the technology, difficulties still exist in the application and operation of BEBs.

The main challenge in the operation stage is the charging planning problem. Compared with diesel-powered bus operation, BEB
peration needs to plan additional charging schedules besides service trips. Among charging strategies for plug-in BEBs, opportunity
harging at terminal stops and depot charging at nighttime are most widely used due to the simplicity of execution (Jefferies and
öhlich, 2020). However, a more flexible and optimized charging strategy can significantly improve operation efficiency, leading

o a substantial cost reduction (Lajunen and Lipman, 2016).
Due to the mileage limitation of BEBs, the urban bus operation is sensitive to existing resources, including bus fleets and charging

acilities. On the one hand, the fixed number of chargers restricts the charging opportunities of vehicles, leading to the need for a
arger bus fleet size or buses with a higher battery capacity. On the other hand, higher battery capacity leads to higher purchase
osts, while buses with lower battery capacity will need more frequent recharging. The composition of the fleet and the number
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of charging facilities jointly affect the charging schedule, and restrict each other at the same time. Therefore, it is also desired for
operators to decide the best assignment of existing resources in the charging plan.

Regarding the fleet, vehicles with different sizes have varied driving ranges, energy consumption and prices, leading to the fleet
omposition problem (Yıldırım and Yıldız, 2021). Meanwhile, the trip travel time and energy consumption of BEB are affected
y several factors, such as traffic conditions, passenger demands, and driving behaviors (Bie et al., 2021). This uncertainty raises
oncerns about decision robustness, especially for BEB systems with higher fragility than traditional diesel buses.

This study aims to evaluate the cost-effectiveness and robustness of resource assignment in BEB operation, including charger
ssignment and fleet composition, based on the optimal charging schedule. A BEB charging scheduling optimization problem is
roposed with multiple vehicle types, battery nonlinear charging, and charging station capacity constraints. Variations of trip travel
ime and energy consumption are considered by integrating the optimization model with trip samples generated from real-world
istribution. A real-world case study demonstrates the effectiveness of the proposed method and the relationship among the cost
f charging strategies, fleet composition, and charging resources. Based on the sensitivity analysis, the impact of trip distance and
nergy consumption level is further discussed.

. Literature review

The basic task of BEB charging planning optimization is the charging scheduling problem, which aims to minimize the operating
nd electricity cost by arranging charging events according to charging demand and existing charging resources (Perumal et al.,
021). Some research on charging scheduling takes the bus schedule as a predetermined input, and optimize the place and time point
o recharge BEBs (Gao et al., 2018; He et al., 2020; Liu et al., 2021). In practice, however, the charging schedule is closely related to
he trip-wide energy consumption and travel time; therefore, the bus schedule should also be considered in the optimization. Adler
2014) integrated traditional vehicle scheduling problem (VSP), which assigns buses to serve a given set of trips (Bunte and Kliewer,
009), with the refueling scheduling process, and proposed a widely adopted network flow model with Alternative-Fuel Vehicle
cheduling Problem (AFVSP). Wen et al. (2016) extended AFVSP to electric vehicle scheduling problem (EVSP), and presented an
daptive large neighborhood search (ALNS) algorithm to solve it.

One of the major features of electric vehicles compared with diesel-powered vehicles is the nonlinear charging characteristics.
he battery in an electric vehicle is usually charged with a constant current–constant voltage (CC-CV) scheme (Pelletier et al., 2017).
o simulate the practical charging process, the piecewise linear approximation was adopted in current studies to model a CC-CV
harging curve (Montoya et al., 2017; Zhang et al., 2021b; Zhou et al., 2022a). To tackle the problem of the increased computation
omplexity from the nonlinear charging, Zhang et al. (2021a) proposed an ALNS algorithm for EVSP considering nonlinear charging,
hich can provide high-quality solutions much faster than the exact approach for a large-scale network.

To investigate systematic optimization, operators should also consider the use of resources in charging planning, including bus
leets and charging facilities. By combining charging scheduling with fleet composition, existing studies reduced the operation cost
ith a mixed bus fleet with multiple bus types (Olsen et al., 2020; Rinaldi et al., 2020; Yao et al., 2020). Considering the vehicle as

he demand-side in the BEB charging network, the charging facilities are regarded as suppliers with limited service capabilities. To
ully utilize charging resources, a few studies proposed a systematic optimization for bus schedules, fleet composition, and charger
eployment for a years-long investment problem (Rogge et al., 2018; Wang et al., 2022; He et al., 2022). Regarding the short-term
harging resource assignment, evaluations can be conducted considering the charging station constraints, and the problem can be
ormulated by using time-expanded nodes (Li, 2014; Tang et al., 2019; Wu et al., 2022) or discrete time slots (Zhang et al., 2021b;
iu et al., 2021) in the network flow model.

Despite the increasing number of studies on BEB optimization, most assume trip energy consumption as a static parameter,
gnoring the impact of uncertain energy consumption due to uncertain traffic conditions. Some studies considered the uncertainty
y integrating an energy consumption distribution (Bie et al., 2021; Lee et al., 2021) or a robust optimization (Jiang and Zhang, 2021;
hou et al., 2022b), while the influence of the traffic-dependent energy consumption on the decision of the resource assignment is
nder investigation. In addition, the sensitivity of such decisions on the route length and energy consumption is unclear.

To summarize, BEB charging planning problem mainly includes two tasks: charging scheduling and resources assignment, which
re affected by vehicle scheduling, fleet composition, charging station capacity, battery nonlinear charging and energy consumption
ncertainty. As shown in Table 1, few state-of-the-art studies on BEB charging planning have considered all the influencing factors.
o fill this gap, this study develops a methodology to find the most cost-effective and robust resource assignment that can adapt to
ost circumstances according to the optimal charging schedule. The contributions of this study can be presented as follows.

• An optimization model for charging planning is established to minimize daily operating costs considering vehicle scheduling,
multiple vehicle types, battery nonlinear charging, and charging station capacity. An ALNS algorithm is developed to solve
large-scale problems.

• Trip energy consumption uncertainty is considered by integrating the optimization model with trip samples generated from
real-world distribution. The operational cost-effectiveness of the BEB resource assignment is evaluated considering decision
robustness.

• A real-world case study and the sensitivity analysis regarding the length of the route is conducted. General and robust decisions
are concluded for the bus fleet composition and the station-wide charging capacity.
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Fig. 1. Flow chart of this study.

Table 1
Overview of the literature on BEB charging planning.
Authors Vehicle

scheduling
Multiple
vehicle
type

Charging
station
capacity

Nonlinear
charging

Energy
consumption
uncertainty

Algorithm

Li (2014) ✓ ✓ B&P
Truncated CG

Wen et al. (2016) ✓ ALNS
Rogge et al. (2018) ✓ ✓ ✓ GA
Gao et al. (2018) ✓ GA
Tang et al. (2019) ✓ ✓ B&P
Zhang et al. (2021b) ✓ ✓ ✓ B&P
Zhang et al. (2021a) ✓ ✓ ✓ ALNS
Yıldırım and Yıldız (2021) ✓ ✓ CG
Liu et al. (2021) ✓ CG
Jiang and Zhang (2021) ✓ ✓ B&P
Bie et al. (2021) ✓ ✓ NSGA-ii
Zhou et al. (2022b) ✓ ✓ ✓ CPLEX
Zhou et al. (2022a) ✓ ✓ CPLEX
Wu et al. (2022) ✓ ✓ Tailored B&P
Wang et al. (2022) ✓ ✓ ✓ Gurobi
He et al. (2022) ✓ ✓ ✓ CPLEX
This paper ✓ ✓ ✓ ✓ ✓ ALNS

3. Methodology

The methodology of this study is outlined in Fig. 1. First, the bus operation is surveyed, and the driving records are analyzed.
The trip travel time and energy consumption samples are generated using the distribution derived from real-world data. Second,
an electric vehicle scheduling problem with charging station capacity and nonlinear charging (EVSP-CSC-NL) is formulated, and
an ALNS algorithm is proposed to solve the optimization. Finally, the charging plan with resource assignment recommendations
is decided from the optimization, with the consideration of the traffic-dependent randomness in trip travel time and energy
consumption. Appendix A summarizes the definitions of variables and parameters discussed in this section.
3
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Fig. 2. Trip clustering according to historical average travel time (M/E refers to the morning/evening period).

3.1. Data description and preprocessing

The global positioning system (GPS) and on-board diagnostics (OBD) system were used to collect the second-by-second operation
data of five BEBs from bus Line 4 in Nanjing from April 22, 2021, to April 27, 2021. In total, 1,305,087 pieces of data, including
second-by-second position, speed, battery voltage, and current, were collected. Daily service of Line 4 starts at 05:30 AM and ends
at 11:30 PM with 64 round trips in timetable per day, 24.8 km per round trip. Each round trip includes a dispatched trip from the
terminal and a return trip to the terminal. All vehicles are charged at the same station.

The data are first preprocessed with the following steps:

1. Delete the data outside the operation area according to GPS coordinates.
2. Delete the data with invalid values.
3. Delete outlier data according to vehicle acceleration referring to Farzaneh et al. (2014).

• An upper limit of the 99-percentile value for instantaneous acceleration.
• A lower limit of −4.4704 m/s2 for instantaneous deceleration.

4. For missing data, if the time interval between two consecutive records is less than 10 s, use linear interpolation to fill the
gap.

After preprocessing, the data are divided into 108 round trips. For each trip, average speed and energy consumption were
extracted. The total energy consumption over time T is illustrated in Eq. (1), where 𝑈𝑡 and 𝐼𝑡 are the instantaneous output voltage
and current of the battery.

𝐸𝑐𝑜𝑛𝑠 = ∫

𝑇

0
𝑈 (𝑡)𝐼(𝑡)d𝑡 = 1

1000 × 3600
⋅

𝑇
∑

𝑡=1
𝑈𝑡𝐼𝑡 (1)

3.2. Trips clustering and sample generation

To explore the influence of trip energy and travel time variation on the decision robustness, we generate 100 samples, each
containing a full-day bus service schedule, based on the real-world operation data to simulate traffic-dependent travel time and
energy consumption of each trip. To distinguish trips from different periods of a day, the K-Means method was used to cluster all
the trip records into three groups, namely peak, off-peak, and morning/evening trips (Fig. 2), according to the historical average
travel time of Line 4 captured by the AMAP API (AMAP). For each scheduled trip, one pair of travel time and energy consumption
belonging to the same trip from the corresponding group is randomly selected. Fig. 3 illustrates the process of sample generation.
As a result, each sample is composed of all the service trips of the studied bus lines in one day, and each trip includes a randomly
selected pair of travel time and energy consumption from the clustered real-world dataset.

3.3. Modeling approach

3.3.1. Problem description
In this study, we consider a single-depot bus network with one charging station and multiple types of BEBs. At the beginning of

the operation, vehicles are dispatched from the depot to terminals for the day’s service. After finishing all tasks, they return to the
depot to park and get charged. During the operation, vehicles are allowed to dwell or park at terminals between service tasks and
get recharged at the charging station, which is integrated into the terminal. The EVSP-CSC-NL proposed in this study aims to find
the optimal vehicle schedule, charging plan and fleet composition of the network, considering the nonlinear charging characteristics
of BEBs, and charging station capacity constraints with the following assumptions.

• Vehicles will be fully charged at the depot after finishing all tasks for the day to ensure that vehicles have enough power for
the next day’s operation. Charging resources at the depot are assumed sufficient.
4
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Fig. 3. Illustration of the sample generation method (M/E refers to the morning/evening period).

• Vehicles are charged at the same charging station during operation, which is reasonable because we only consider the single
depot operation mode.

• For the convenience of management, vehicles are only allowed to be charged for a fixed duration at most each time during
daytime operation. If a vehicle is fully charged within the fixed duration, then it should dwell in the parking lot before next
service task.

3.3.2. Network flow model
The model is defined on a directed multigraph 𝐺 = (𝑁,𝐴) where 𝑁 and 𝐴 represent all nodes and arcs in the graph. For bus type

decision, we first defined bus type set 𝐾 = {1, 2,…}, in which each bus type 𝑘 ∈ 𝐾 corresponds to battery capacity 𝐸𝑘. 𝑁 = 𝐷∪𝑇 ∪𝐹
represents all nodes in the graph. 𝐷 represents all depot nodes. For single depot operation mode, 𝐷 = {𝑜, 𝑑} includes start and end
nodes. For a trip node 𝑖 ∈ 𝑇 , the start time, travel time, and trip energy consumption are defined as 𝑠𝑖, 𝑡𝑖 and 𝑒𝑘𝑖 respectively, and
corresponds to a recharging node 𝑓𝑖 ∈ 𝐹 .

In a network flow model, an arc (𝑖, 𝑗) ∈ 𝐴 represents the connection, the deadhead trip between nodes 𝑖 and 𝑗. There are four
types of arcs in this paper:

• Deadhead trips from the depot, where 𝑖 ∈ {𝑜}, 𝑗 ∈ 𝑇 .
• Deadhead trips returning to the depot, where 𝑖 ∈ 𝑇 , 𝑗 ∈ {𝑑}.
• Deadhead trips between service trips, where 𝑖, 𝑗 ∈ 𝑇 and 𝑖 ≠ 𝑗.
• Deadhead trips between service trips and recharging events, where 𝑖 ∈ 𝑇 and 𝑗 ∈ 𝐹 , or 𝑖 ∈ 𝐹 and 𝑗 ∈ 𝑇 . Due to the

correspondence between service trips and recharging events, arc (𝑖, 𝑓𝑖) is linked only if 𝑖 ∈ 𝑇 .

For arc (𝑖, 𝑗) ∈ 𝐴, travel time 𝑡𝑖𝑗 and energy consumption 𝑒𝑘𝑖𝑗 are defined. For simplification, we use the notation 𝛿−(𝑖) and 𝛿+(𝑖)
to represent arcs that end and start at node 𝑖.

Time-expanded nodes are used to count the number of recharging vehicles, which have also been adopted in previous studies
such as Li (2014) and Tang et al. (2019). We assume that each recharging event takes 𝛽 ⋅ 𝑈 minutes, where 𝛽 represents a fixed
time interval, and 𝑈 represents the number of unit intervals in one recharging event. Let 𝑅 = {𝑟1, 𝑟2,…} denotes set of recharging
time divisions. Each time division 𝑟 ∈ 𝑅 corresponds to a start time 𝑠𝑟. For 𝑟 ∈ 𝑅, let 𝑏𝑢(𝑟) denotes the time division 𝑢 intervals
ahead of 𝑟. The number of BEBs being charged at the charging station can be calculated as the total number of vehicles selecting the
time division 𝑟, 𝑏1(𝑟)...𝑏𝑈−1(𝑟). Let 𝐼 denotes set of time division indicators. Indicators (𝑓, 𝑟) ∈ 𝐼 represent the connection between
recharging node 𝑓 ∈ 𝐹 and time division 𝑟 ∈ 𝑅.

A sample directed graph is presented in Fig. 4. The graph contains four service trips from 6:20 to 9:20. When time interval
𝛽 = 10 min and fixed charging duration 𝛽 ⋅ 𝑈 = 30 min, operation duration from 8:00 to 9:00 is divided into four recharging time
divisions of 30 min each. Assuming the travel time of all deadhead trips is five minutes, a feasible schedule including trip chains of
two BEBs (regardless of vehicle type) is shown in the graph. The first BEB executes trip 𝑡1 and 𝑡3 continuously without recharging
because the interval between 𝑡1 and 𝑡3 was less than 30 min. The second BEB gets recharged at the charging station from 8:00 to
8:30 after performing service trip 𝑡2 and continues with trip 𝑡4 after 𝑓2. Note that infeasible arcs should be deleted before running
the optimization algorithm to fasten the computation.

The binary variable 𝑥𝑘𝑖𝑗 represents the connections of deadhead trips in the graph, where (𝑖, 𝑗) ∈ 𝐴 is the arc of two nodes. The
binary variable 𝑥𝑘𝑓𝑟 represents the decision of recharging time, where (𝑓, 𝑟) ∈ 𝐼 is the time division indicators.

Let 𝑦𝑘𝑖 denotes the remaining battery storage (kWh) of a bus of type 𝑘 at the beginning of node 𝑖 ∈ 𝑁 . For recharging event
𝑓 ∈ 𝐹 , let 𝑠 denotes the start time of 𝑓 , and 𝑦𝑘 denotes the remaining battery storage (kWh) of a bus of type 𝑘 when 𝑓 is finished.
5
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i

Fig. 4. Illustration of the directed graph.

To model the nonlinear charging process of the lithium-ion battery, a piecewise linear formulation proposed in Zhang et al.
(2021a) is adopted. Let 𝐵𝑘 = {0, 1,… , 𝑚𝑘} denote the set of breakpoints of the charging function for vehicle type 𝑘 ∈ 𝐾, where 𝑚𝑘 is
the number of the breakpoints. Let (𝑡𝑘𝑏 , 𝑦

𝑘
𝑏 ) represent the charging time and battery storage (kWh) corresponding to each breakpoint.

Continuous variables 𝜏𝑘𝑓 and 𝜏𝑘𝑓 represent the corresponding start and end time (in the charging function) of recharging event 𝑓 ∈ 𝐹 ,
respectively. Let binary variables 𝑤𝑘

𝑓𝑏 and 𝑤𝑘
𝑓𝑏 equal 1, 𝑏 ∈ 𝐵𝑘 ⧵ {0}, if the start and end battery storage of recharging event 𝑓 ∈ 𝐹

s between 𝑦𝑘𝑏−1 and 𝑦𝑘𝑏 . Continuous variables 𝜆𝑘𝑓𝑏, 𝜆
𝑘
𝑓𝑏 ∈ [0, 1] are the coefficients associated with the breakpoint in the piecewise

linear charging function at the beginning and end of the recharging event, respectively.
The mathematical model is formulated as follows:

min 𝑧1 + 𝑧2 + 𝑧3 (2)

𝑧1 =
∑

𝑘∈𝐾

∑

(𝑖,𝑗)∈𝛿+(𝑜)
𝑐𝑘𝑥𝑘𝑖𝑗 (3)

𝑧2 =
∑

𝑟∈𝑅

∑

𝑘∈𝐾

∑

𝑓∈𝐹
(𝑦𝑘𝑓 − 𝑦𝑘𝑓 )𝑐𝑒𝑥

𝑘
𝑓𝑟 +

∑

𝑘∈𝐾

∑

𝑖∈𝑇
[𝐸𝑘 − (𝑦𝑘𝑖 − 𝑒𝑘𝑖 − 𝑒𝑘𝑖𝑑 )]𝑐𝑒𝑥

𝑘
𝑖𝑑 (4)

𝑧3 =
∑

𝑘∈𝐾

∑

(𝑖,𝑗)∈𝐴
(𝑡𝑖 + 𝑡𝑖𝑗 )𝑐𝑡𝑥𝑘𝑖𝑗 (5)

Subject to:
∑

𝑘∈𝐾

∑

(𝑖,𝑗)∈𝛿+(𝑖)
𝑥𝑘𝑖𝑗 = 1 ∀𝑖 ∈ 𝑇 (6)

∑

𝑘∈𝐾

∑

(𝑓,𝑗)∈𝛿+(𝑓 )
𝑥𝑘𝑓𝑗 ≤ 1 ∀𝑓 ∈ 𝐹 (7)

∑

(𝑖,𝑗)∈𝛿+(𝑖)
𝑥𝑘𝑖𝑗 −

∑

(𝑗,𝑖)∈𝛿−(𝑖)
𝑥𝑘𝑗𝑖 = 0 ∀𝑖 ∈ 𝑇 ∪ 𝐹 ,∀𝑘 ∈ 𝐾 (8)

∑

𝑟∈𝑅
𝑥𝑘𝑓𝑟 −

∑

(𝑖,𝑓 )∈𝛿−(𝑓 )
𝑥𝑘𝑖𝑓 = 0 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (9)

∑

(𝑜,𝑗)∈𝛿+(𝑜)
𝑥𝑘𝑜𝑗 −

∑

(𝑖,𝑑)∈𝛿−(𝑑)
𝑥𝑘𝑖𝑑 = 0 ∀𝑘 ∈ 𝐾 (10)

𝑠𝑖 + 𝑡𝑖 + 𝑡𝑖𝑗 −𝑀(1 −
∑

𝑘∈𝐾
𝑥𝑘𝑖𝑗 ) ≤ 𝑠𝑗 ∀𝑖 ∈ 𝑇 ,∀(𝑖, 𝑗) ∈ 𝛿+(𝑖) (11)

𝑠𝑓 + 𝑈 ⋅ 𝛿 + 𝑡𝑓𝑗 −𝑀(1 −
∑

𝑘∈𝐾
𝑥𝑘𝑓𝑗 ) ≤ 𝑠𝑗 ∀𝑓 ∈ 𝐹 ,∀𝑗 ∈ 𝑇 (12)

𝑠𝑓 =
∑ ∑

𝑠𝑟𝑥
𝑘
𝑓𝑟 ∀𝑓 ∈ 𝐹 (13)
6
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𝑦𝑘𝑖 − 𝑒𝑘𝑖 − 𝑒𝑘𝑖𝑗 +𝑀(1 −
∑

𝑘∈𝐾
𝑥𝑘𝑖𝑗 ) ≥ 𝑦𝑘𝑗 ∀𝑖 ∈ 𝑇 ∪ {𝑜},∀(𝑖, 𝑗) ∈ 𝛿+(𝑖),∀𝑘 ∈ 𝐾 (14)

𝑦𝑘𝑓 − 𝑒𝑘𝑓𝑗 +𝑀(1 −
∑

𝑘∈𝐾
𝑥𝑘𝑓𝑗 ) ≥ 𝑦𝑘𝑗 ∀𝑓 ∈ 𝐹 ,∀𝑗 ∈ 𝑇 ,∀𝑘 ∈ 𝐾 (15)

𝜎 ⋅ 𝐸𝑘 ≤ 𝑦𝑘𝑖 ≤ 𝐸𝑘 ∀𝑖 ∈ 𝑇 ∪ 𝐹 ,∀𝑘 ∈ 𝐾 (16)

𝑦𝑘𝑜 = 𝐸𝑘 ∀𝑘 ∈ 𝐾 (17)

𝜏𝑘𝑓 − 𝜏𝑘𝑓 = 𝑈 ⋅ 𝛿 ⋅
∑

(𝑓,𝑗)∈𝛿+(𝑓 )
𝑥𝑘𝑓𝑗 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (18)

𝑦𝑘𝑓 =
∑

𝑏∈𝐵𝑘

𝜆𝑘𝑓𝑏𝑦
𝑘
𝑏 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (19)

𝜏𝑘𝑓 =
∑

𝑏∈𝐵𝑘

𝜆𝑘𝑓𝑏𝑡
𝑘
𝑏 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (20)

∑

𝑏∈𝐵𝑘

𝜆𝑘𝑓𝑏 =
∑

𝑏∈𝐵𝑘⧵{0}

𝑤𝑘
𝑓𝑏 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (21)

∑

𝑏∈𝐵𝑘⧵{0}

𝑤𝑘
𝑓𝑏 =

∑

(𝑓,𝑗)∈𝛿+(𝑓 )
𝑥𝑘𝑓𝑗 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (22)

𝜆𝑘𝑓0 ≤ 𝑤𝑘
𝑓1 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (23)

𝜆𝑘𝑓𝑏 ≤ 𝑤𝑘
𝑓𝑏 +𝑤𝑘

𝑓𝑏+1 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾,∀𝑏 ∈ 𝐵𝑘 ⧵ {0, 𝑚𝑘} (24)

𝜆𝑘
𝑓𝑚𝑘 ≤ 𝑤𝑘

𝑓𝑚𝑘 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (25)

𝑦𝑘𝑓 =
∑

𝑏∈𝐵𝑘

𝜆𝑘𝑓𝑏𝑦
𝑘
𝑏 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (26)

𝜏𝑘𝑓 =
∑

𝑏∈𝐵𝑘

𝜆𝑘𝑓𝑏𝑡
𝑘
𝑏 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (27)

∑

𝑏∈𝐵𝑘

𝜆𝑘𝑓𝑏 =
∑

𝑏∈𝐵𝑘⧵{0}

𝑤𝑘
𝑓𝑏 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (28)

∑

𝑏∈𝐵𝑘⧵{0}

𝑤𝑘
𝑓𝑏 =

∑

(𝑓,𝑗)∈𝛿+(𝑓 )
𝑥𝑘𝑓𝑗 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (29)

𝜆𝑘𝑓0 ≤ 𝑤𝑘
𝑓1 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (30)

𝜆𝑘𝑓𝑏 ≤ 𝑤𝑘
𝑓𝑏 +𝑤𝑘

𝑓𝑏+1 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾,∀𝑏 ∈ 𝐵𝑘 ⧵ {0, 𝑚𝑘} (31)

𝜆𝑘
𝑓𝑚𝑘 ≤ 𝑤𝑘

𝑓𝑚𝑘 ∀𝑓 ∈ 𝐹 ,∀𝑘 ∈ 𝐾 (32)

∑

𝑓∈𝐹
𝑥𝑘𝑓𝑟 +

𝑈−1
∑

𝑢=1,𝑟=𝑏𝑢(𝑟)

∑

𝑓∈𝐹
𝑥𝑘𝑓𝑟 ≤ 𝐶𝑟 ∀𝑟 ∈ 𝑅,∀𝑘 ∈ 𝐾 (33)

𝑥𝑘𝑖𝑗 ∈ {0, 1} ∀(𝑖, 𝑗) ∈ 𝐴 ∪ 𝐼,∀𝑘 ∈ 𝐾 (34)

𝑤𝑘
𝑓𝑏, 𝑤

𝑘
𝑓𝑏 ∈ {0, 1} ∀𝑓 ∈ 𝐹 ,∀𝑏 ∈ 𝐵𝑘,∀𝑘 ∈ 𝐾 (35)

𝜆𝑘𝑓𝑏, 𝜆
𝑘
𝑓𝑏 ≥ 0 ∀𝑓 ∈ 𝐹 ,∀𝑏 ∈ 𝐵𝑘,∀𝑘 ∈ 𝐾 (36)

The objective is to minimize the total operating cost, including the vehicle depreciation cost 𝑧1, the electricity cost 𝑧2 and the
abor cost 𝑧3. The vehicle cost equals the sum of daily depreciation cost of the bus fleet, where 𝑐𝑘 is the daily depreciation cost
f a single bus of type 𝑘. The electricity cost includes the expenses of partial recharging during operation and fully recharging
fter finishing all tasks. The labor cost in this paper is similar to the time-dependent service costs unrelated to energy consumption
efined in Rogge et al. (2018), where 𝑐𝑡 represents the labor cost per minute for service trips and deadhead trips.

Constraint (6) ensures that every service trip is fulfilled exactly once. Constraint (7) ensures that every possible recharging event
an be performed at most once. Constraint (8) requires flow conservation. Constraint (9) ensures that all performed recharging
7
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Fig. 5. Flow chart of the algorithm.

events are assigned to a recharging time division. Constraint (10) enforces that the number of buses that are departed from and
returned to the depot is the same. Constraints (11) to (12) specify the time compatibility of the connection between service trip
and recharging event nodes and their subsequent nodes, respectively, where 𝑀 is a sufficiently large positive number. Constraint
(13) enforces that the start time of the recharging event node is consistent with the start time of the time division it links to.
Constraints (14) and (15) ensure the energy consumption compatibility of the connection between nodes. Constraint (16) and (17)
specify the range of remaining battery power. Constraint (18) ensures the corresponding charging duration in the piecewise linear
charging function is equal to 𝑈 ⋅ 𝛿. Constraint (19) to (25) define the battery power and corresponding charging time according to
he charging function when a recharging event starts. Similarly, constraint (26) to (32) define the battery power and corresponding
harging time at the end of a recharging event. Constraint (33) is the charging station capacity constraint. A detailed illustration of
he piecewise linear charging function and charging station capacity constraints are shown in Appendix B. The domain of variables
s defined by constraint (34) to (36).

.4. Optimization algorithm

The ALNS algorithm (Ropke and Pisinger, 2006), which is widely used for varied kinds of EVSP with high efficiency (Wen et al.,
016; Zhang et al., 2021a), is employed to solve the EVSP-CSC-NL in this paper. The ALNS explores the neighborhood by destroying
nd repairing the current solution to increase the search range of the search space, and improve the probability of obtaining a better
olution. Fig. 5 illustrates the flow chart of the algorithm. A greedy insertion algorithm (Adler and Mirchandani, 2017) is used to
onstruct initial solutions. A roulette wheel selection and an adaptive weight adjustment method (Ropke and Pisinger, 2006) are
mployed for operator selection, and the simulated annealing algorithm is used as the acceptance criteria. The algorithm terminates
hen 𝑛 iterations are executed, or 𝑛′ iterations occur without improvements. All hyper-parameters of the ALNS are tuned before

generating the solution.

3.4.1. Destroy operators
In each iteration, 𝜃 trips and their recharging nodes are removed from the solution by a destroy operator with certain rules,

where 𝜃 is a random integer between [𝜃𝑚𝑖𝑛, 𝜃𝑚𝑎𝑥]. Trip chains with fewer than two trips are removed to minimize the number of
vehicles.

Three types of operators are used in this study, including a random removal, a time-related removal, and a neighbor-based
removal. In the time-related removal, the temporal relationship 𝑅(𝑖, 𝑗) between trip 𝑖 and 𝑗 is redefined as 𝑤1⋅ ∣ 𝑠𝑖−𝑠𝑗 ∣ +𝑤2⋅ ∣ 𝑡𝑖−𝑡𝑗 ∣,
where 𝑠𝑖 and 𝑠𝑗 are the start time of trip 𝑖 and 𝑗, and 𝑡𝑖 and 𝑡𝑗 are the travel time of trip 𝑖 and 𝑗. 𝑤1 and 𝑤2 denote the weights
of the two values, respectively. A smaller 𝑅(𝑖, 𝑗) indicates that the time correlation between two trips is greater. When performing
the time-related removal, one trip is first removed randomly, then one of the removed trips is randomly selected, and the trip with
the strongest temporal relationship is removed, and the process is repeated until 𝜃 trips are removed. The neighbor-based removal
removes one trip with the trips before and after in the current trip chain each time, expanding the range of single removals, and
giving more insertion space for other trips.
8
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Fig. 6. KDE plot and distribution of operation data in different periods (M/E refers to the morning/evening period).

.4.2. Repair operators
For EVSP-CSC-NL, the repair of the solution includes the insertion of the service trip and recharging event nodes, and the selection

f the vehicle type. In this paper, two repair operators, namely random insertion and greedy insertion, are used.
The random insertion aims to ensure the diversity of solutions and prevent local optimum. In each iteration, one removed trip is

andomly selected and inserted into a random position that is compatible with the preceding and the following trip. If no position
s compatible, the trip would be inserted into a new trip chain with a randomly assigned vehicle type. After each inserted trip, the
echarging node is inserted with a probability 𝑝𝑐ℎ𝑎𝑟𝑔𝑒 and randomly assigned to a time-compatible recharging time division. Note
hat the night charging scenario can be realized by setting 𝑝𝑐ℎ𝑎𝑟𝑔𝑒 = 0 in the optimization algorithm.

The greedy insertion operator is used to generate feasible solutions as much as possible to ensure the convergence of the
lgorithm. The insertion cost equals the added deadhead trip distance after insertion (Wen et al., 2016; Zhang et al., 2021a). In
single depot scenario, however, the distance of deadhead trips among different trips is the same. To reduce the computation

ime, the greedy insertion uses the same node insertion method as the random insertion, and selects the compatible and available
echarging time division for each recharging node. When all nodes are inserted, the greedy insertion is applied again to replace
EBs with lower-cost alternatives while keeping the trip chain unchanged. The replacement is accepted if the total cost decreases
nd all constraints are met.

.4.3. Penalty
This paper defines penalties for solutions that violate constraints. Specifically, the algorithm checks whether the generated

olution violates the energy compatibility constraints and charging station capacity constraints, and adds the energy penalty 𝑐𝑒𝑛𝑒𝑝𝑒𝑛𝑎𝑙𝑡𝑦
and the charging station capacity penalty 𝑐𝑐𝑎𝑝𝑝𝑒𝑛𝑎𝑙𝑡𝑦 to the total cost accordingly. The algorithm determines whether to accept an
nfeasible solution by the acceptance criteria defined by the simulated annealing. Finally, the optimal solution is required to be
9
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Fig. 7. The bus network with three bus lines.

4. Results and discussions

4.1. Energy consumption distribution of BEB

Based on the clustered dataset of Line 4, the travel time, energy consumption, average speed, energy consumption factor, braking
rate and standard deviation of acceleration/deceleration for each period are calculated, and the results are shown in Fig. 6. The
consumption factor is the energy consumption per unit distance traveled by the vehicle (kWh/km). The braking rate equals the
accumulated time that the driver presses the brake pedal divided by the total travel time in a single trip, and is used to describe
the frequency of braking behavior.

Fig. 6(a) and (b) present the kernel density estimation (KDE) plots of travel time and energy consumption for three periods. The
trip travel time in the peak period is the highest with an average travel time of 103 min, followed by the off-peak period, while the
travel time is significantly shorter during the morning/evening period. The energy consumption during the peak period is generally
higher than those in the off-peak period. The distribution of trip energy consumption during the morning/evening period is more
dispersed, indicating a higher uncertainty of driving operations.

To further summarize the characteristics of each period, the boxplots of four trip features are plotted in Fig. 6(c) to (f). Trips in
the peak period exhibit relatively low average speed and high energy consumption, probably due to the congested road conditions
during peak hours. In contrast, higher average speeds of BEBs during the off-peak period lead to lower energy consumption factors
than during the peak period. However, the average energy consumption factor for trips during the morning/evening period is high
despite their high speed. This is due to more aggressive driving behavior presented as high average speed, low braking rate and
frequent acceleration.

4.2. Case study

4.2.1. Parameter values
In the case study, the single-line network (Line 4) is expanded to a real-world multi-line network (Line 4, 52 and 99), which

shares the same depot and terminal in Nanjing, China. The roundtrip mileage of each route is 24.8 km, 25.8 km and 25.4 km,
respectively. The network contains a total of 275 service round trips per day, each containing a pair of consecutive dispatching and
returning trips. As shown in Fig. 7, the terminal has 20 chargers with 60 kW power output each, providing parking and recharging
services for BEBs. The depot where BEBs park and get charged at night is 10 kilometers away from the terminal. Trip travel time
and energy consumption of Line 52 and Line 99 are scaled based on that of Line 4. With similar road geometry, traffic conditions
and distance of the three lines as well as the uncertainty introduced by Monte Carlo simulation in the sample generation process,
the difference in the energy consumption distribution among bus lines is negligible. However, note that the size of the empirical
10
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Fig. 8. Average trip data of three bus lines (two-way, M/E refers to the morning/evening period).

Fig. 9. Piecewise linear approximation for different vehicle types.

Table 2
BEB type information.
Vehicle type A B C

Battery capacity (kWh) 100 170 256
Daily depreciation (CNY/day) 804.70 907.56 1039.14

dataset is one of the limitations of this study. For larger networks with multiple bus line types, more vehicle operation data should be
obtained to estimate trip energy consumption. Fig. 8 shows the average travel time (a) and trip energy consumption (b). A hundred
service trip samples consisting of three bus lines in one day are generated using the method in Section 3.2.

To investigate the impact of different vehicle types, this study considers three BEB types varied by the capacity and the cost
shown in Table 2, according to the data of Skywell NJL6100EV(H10) series (Skywell, 2022). The daily depreciation cost is calculated
assuming an average lifetime of 7.8 years per BEB and 360 days of operation annually (Wang et al., 2017). Considering the influence
of battery size on energy consumption, an energy consumption growth coefficient generated from the result of Ji et al. (2022) is used
to adjust the energy consumption of different vehicle types. The detailed steps are introduced in Appendix C. The electricity price
𝑐𝑒 for BEB charging in Nanjing is 0.6416 CNY/kWh. The average salary of a bus driver is 5,500 CNY per month, or 0.5 CNY/minute
(averaged by 22 working days per month and 8 h per day). The lowest allowable SOC 𝜎 to use the bus is 20%.
11
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Table 3
Parameters of breakpoints defined in Section 3.3.2.
Index (𝑏) SOC/% Charging time (𝑡𝑘𝑏 )/min

𝑘 = A 𝑘 = B 𝑘 = C

0 0 0 0 0
1 80 80 136 206
2 90 100 170 258
3 100 150 255 387

Fig. 10. Heat map of the mean and standard deviation of operation cost in different scenarios (blue represents lower values; red represents higher values). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

The piecewise nonlinear charging function of three bus types is illustrated in Fig. 9. Batteries get charged at the maximum
charging rate when the SOC is lower than 80%; then the slope of the charging curve becomes smoother with lower charging
power (Hõimoja et al., 2012). Table 3 shows the parameters of breakpoints that are used in Section 3.3.2.

4.3. Optimization result analysis

This section compares the optimal cost with varied charging strategies, charging durations, and the number of chargers. The
charging duration is set in the range of 10 to 60 min with the interval of 10 min, and the number of chargers is set in the range of 6
to 20 with the interval of 2. In total, 48 scenarios with different sets of parameter combinations are tested. One hundred samples, each
representing a daily service trip set, are generated as the input of the optimization program using the method proposed in Section 3.2.
Each set of parameter combinations is applied to these samples to simulate the uncertain travel time and energy consumption. The
result robustness is demonstrated by the standard deviation of random samples.

4.3.1. Cost-effectiveness and robustness
Fig. 10 presents the mean and standard deviation of the optimized operation cost from 100 samples per scenario. The average

cost reflects the average performance of each parameter combination and the standard deviation represents the adaptability of each
parameter combination to uncertain travel time and energy consumption.

When the fixed charging duration is 10 min, the average cost is significantly higher than the others, and it decreases by 2.63%
when the fixed charging duration changes to 20 min. When the fixed charging duration exceeds 40 min, the total cost and the
standard deviation tend to rise. The scenario comparison shows that a fixed charging duration of 30 to 40 min has a lower operation
cost and stronger robustness of the optimization results, which can be demonstrated by the standard deviation.

When the same fixed charging duration is employed, the average cost decreases with an increasing charging station capacity;
then the average cost keeps stable when the number of chargers reaches a certain threshold. At the same time, the standard deviation
tends to drop as the number of chargers increases, indicating an improved resilience to uncertain environments. In addition, average
costs under different fixed charging durations exhibit different sensitivity to charging station capacity. For example, eight chargers
in a station can serve the whole fleet when the fixed charging duration is 20 min, while the number increases to 16 if the fixed
charging duration is 60 min. The result shows that bus operators can reduce the charging infrastructure assignment and maximize
resource utilization through an optimized charging schedule while ensuring high economic efficiency and robustness. Under current
resource conditions (20 chargers at one station), the most economical charging duration is 30 min, with 14 chargers in operation
for the studied bus network. The average cost of the optimal scenario is around 50,065 CNY. The rest of chargers can open to public
for additional profits, as has been practiced in Qingdao, China (Xinhua, 2022).
12
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Fig. 11. Impact of fixed charging duration on operation cost (number of chargers = 14).

Fig. 12. Average number of buses required when different fixed charging durations are adopted (number of chargers = 14).

.3.2. Impact of the fixed charging duration
Fig. 11 shows the average cost and the cost composition under different fixed charging duration when the number of chargers

s 14 (the optimal scenario based on Section 4.3.1). The operation cost is mainly composed of vehicle depreciation costs and labor
osts. The electricity cost accounts for a smaller proportion, with an average of 6.40%. A negative correlation between the labor
ost and the charging duration can be observed since an increasing charging duration leads to a decreasing number of recharging
vents, thus reducing the distance of deadhead trips and working hours.

The night charging strategy, in which the vehicles are not allowed to be charged during the daytime and is widely used in
ractice, is used as the benchmark to illustrate the cost-effectiveness of the optimized charging plan. The average cost of night
13
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Fig. 13. Optimal cost (a), the proportion of bus types (b), and fleet composition (c) when the average travel time and energy consumption are increased by
ifferent levels.

harging is higher than the optimized charging plan by 6.63%, reaching 53,386 CNY. When it exceeds 30 min, the average total
ost slightly increases due to higher bus depreciation costs. Nevertheless, the average cost of a 60-minute fixed charging duration
s still 5.17% lower than that of night charging.

The high cost of night charging can be explained by Fig. 12, which shows the average number of vehicles of three types. Although
he variation in the total number of vehicles is minimal, different fleet composition can be observed by the proportion of different
ehicle types. When night charging is performed, the fleet is mainly composed of type B (95.30%) and type C (2.86%) buses with
igher battery capacity. When vehicles are allowed to be charged during the operation time, the number of type A grows significantly
o 78.80%, especially when the fixed charging duration equals 30 min. Note that in this paper, the electricity price is constant, which
s aligned with the current electricity supply in Nanjing.

Analyzing the relationship between the vehicle depreciation cost and the fleet composition, we found that when the duration is
oo short (such as 10 min), the SOC after recharging cannot support multiple consecutive trips. In this case, vehicles with higher
apacity are required to keep the bus service, increasing the depreciation cost. On the other hand, if the duration is too long (such
s 1 h), to maintain the service, the network needs more vehicles or substitutes lower-capacity buses with their higher-capacity
ounterparts, leading to higher depreciation costs as well. In contrast, when the charging duration is 30 to 40 min, the buses can
etain sufficient SOC after each recharging event while meeting the service constraints; thus, buses with lower battery capacity can
it into the schedule. The comparison demonstrates that a more flexible while sufficient charging duration is needed in order to
ake full utilization of smaller buses with lower battery capacity.

.4. Results for bus routes with longer distances

In order to test the sensitivity of the resource assignment to the bus energy consumption, five synthetic bus networks are
14

onstructed based on real-world data. In these five networks, we assume a longer route distance with similar energy consumption
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Fig. 14. Heat maps of operation costs under each fixed charging duration and charging station capacity when the average travel time and energy consumption
are increased by different levels (a to f indicates the increasing rate of 0% to 50% with the incremental of 10%).

rate and the same trip starting time. Accordingly, the average energy consumption and trip duration are scaled up by 10% (S1),
20% (S2), 30% (S3), 40% (S4), and 50% (S5), respectively, based on the aforementioned case (S0). The optimal results from 48
scenarios, which is the same as Section 4.3.1, are shown in Fig. 13.

The optimal total cost and sectional costs show a linear increase over the increasing energy level in Fig. 13(a). Compared to the
base case where no scaling up is performed, the total cost increases to 73,798 CNY (48.79%) in S5, 64.47% of which comes from
the vehicle depreciation. For every 10% increment, 3.4 more vehicles are required.

The proportion of bus types has a different trend from the total cost, as illustrated in Fig. 13(b). In S2 where the energy
consumption and travel time are increased by 20%, the optimal fleet is still composed of type A (62.22%) and B (37.78%), which is
similar to S0. As the energy consumption and travel time grow, the proportion of type A drops, reaching the lowest point of 45.10%
at S4. At the same time, more vehicles of type B and type C are required.

When the trip energy consumption increases by 20% to 30% (S2 and S3), smaller buses can fulfill most of the service tasks
with the optimal charging schedule. This scenario corresponds to an average of 31 km round trip, which can cover most urban
15
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bus routes in metropolitan areas (The Ministry Of Transport, People’s Republic of China, 2020). Even in S5 (38 km round trip on
average), buses with small to medium battery sizes are still the most cost-effective options. In practice, however, most operators
do not have confidence in small-capacity vehicle types, and are conservative in fleet composition, resulting in a waste of vehicle
costs. We recommend allocating buses with a lager battery capacity to the lines with longer distances, such as suburban connection
routes. In the urban scope, cheaper buses with smaller battery capacity can effectively reduce daily operation cost. The result also
highlights the need to adopt the optimized charging plan, which leads to substantial savings from fleet composition.

The increase in energy consumption and travel time also has implications for the selection of fixed charging duration and resource
ssignment. As shown in Fig. 14, when the trip distance increases, the range of the optimal charging duration gradually converges to
0–40 min. Similarly, the cost-effective charging station capacity converges to the range of 14 to 20. A resource allocation strategy
an be derived from the result. Generally, for single-depot bus services with 200–300 trips, the minimum charging station capacity
f 14 can serve the optimal charging strategy with high robustness. The optimal recharging duration is varied from different energy
onsumption per trip, while the duration of 30–40 min can ensure sufficient SOC and stable services.

. Conclusion

In this study, an electric vehicle scheduling problem considering charging station capacity and nonlinear charging (EVSP-CSC-
L) is proposed and formulated. An adaptive large neighborhood search (ALNS) algorithm is developed with novel destroy/repair
perators to solve the optimization problem. Trip-based energy consumption and its uncertainties of BEBs are captured using global
ositioning system (GPS) trajectories and on-board diagnostics (OBD) data. In order to simulate possible uncertain conditions of BEB
peration, energy consumption and travel time samples are generated from the average travel time-based trip clusters. Forty-eight
cenarios are designed from six levels of charging duration and eight levels of charging station capacity.

The results show that recharging during the daytime operation can reduce costs by up to 6.63% compared to the night charging
cenario. An increasing proportion of smaller-capacity buses due to the optimized daytime recharging is one of the major contributors
o the reduced cost. Meanwhile, the fleet composition is significantly affected by the fixed charging duration. The ratio of vehicle
ypes with the smallest capacity reaches 78.80% when the charging duration equals 30 min, leading to the lowest average cost of
0,065 CNY. Although sufficient charging resources can improve the robustness of the vehicle schedules, operators can reduce the
nvestment in charging infrastructure if the energy demand of the bus network is moderate, because the marginal benefit decreases
ith more chargers at one station.

To examine the impact of energy consumption level on the optimal charging plan, energy consumption and duration time of
ach trip are increased by 10% to 50% with an interval of 10%. The result shows that buses with low-to-medium battery capacities
an fulfill most of the service trips in metropolitan areas, even when the energy consumption level is increases by 50%, representing
n extreme operation scenario in the city scale. For bus networks running in the single-depot mode with a similar trip size as our
tudy, we recommend 30 to 40 min for each recharging event, and 14–20 slow-chargers (60 kW) can be sufficient to serve the
etwork optimally. For existing infrastructure, the rest of the chargers in the terminal can open to public for additional profits.

The result of this study can be a reference of proper charging planning and resource assignment for urban electric bus systems.
n future work, flexible charging duration should be considered to further reduce the operation cost, and algorithms with higher
omputational efficiency should be developed for larger-scale networks. The battery degradation process can also be integrated for
life-cycle assessment. In addition, the time-of-use (TOU) electricity pricing strategy has been implemented in many other cities

o promote nighttime charging with lower fees, while the cooperative optimization considering the electricity grid and the bus
peration needs to be further discussed.
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Fig. 15. Illustration of the piecewise linear charging function.

Appendix A

Sets:
𝐾 Set of vehicle types indexed by 𝑘
𝐷 Set of depots, 𝐷 = {𝑜, 𝑑}
𝑇 Set of service trip nodes
𝐹 Set of recharging event nodes indexed by 𝑓
𝑁 Set of nodes, 𝑁 = 𝐷 ∪ 𝑇 ∪ 𝐹
𝑅 Set of recharging time division indexed by 𝑟
𝐴 Set of arcs representing deadhead trips between nodes
𝐼 Set of recharging time indicators
𝛿−(𝑖) Set of arcs that end at node 𝑖 ∈ 𝑁
𝛿+(𝑖) Set of arcs that start at node 𝑖 ∈ 𝑁
𝐵𝑘 Set of breakpoints in the piecewise linear charging function for vehicle type

𝑘 ∈ 𝐾

Parameters:
𝐸𝑘 Battery capacity of vehicle type 𝑘 ∈ 𝐾
𝜎 The safety level of battery state of charge
𝑠𝑖 Start time of service trip 𝑖 ∈ 𝑇
𝑡𝑖 Travel time of service trip 𝑖 ∈ 𝑇
𝑒𝑘𝑖 Energy consumption of service trip 𝑖 ∈ 𝑇 when performed by vehicles of type

𝑘 ∈ 𝐾
𝑡𝑖𝑗 Travel time of deadhead trip (𝑖, 𝑗) ∈ 𝐴
𝑒𝑘𝑖𝑗 Energy consumption of deadhead trip (𝑖, 𝑗) ∈ 𝐴 when performed by vehicles

of type 𝑘 ∈ 𝐾
𝑠𝑟 Start time of recharging time division 𝑟 ∈ 𝑅
𝐶𝑟 Charging station capacity at recharging time division 𝑟 ∈ 𝑅
𝛽 Fixed time interval
𝑈 The number of unit intervals in one recharging event
𝑏𝑢(𝑟) Time division 𝑢 intervals ahead of 𝑟 ∈ 𝑅
𝑐𝑘 Depreciation cost of vehicle type 𝑘 ∈ 𝐾
𝑐𝑒 Unit charging cost
𝑐𝑡 Unit labor cost
17
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o

c

w
c

𝑚𝑘 Number of breakpoints in the piecewise linear charging function for vehicle
type 𝑘 ∈ 𝐾

𝑡𝑘𝑏 Charging time corresponding to breakpoint 𝑏 ∈ 𝐵𝑘 for vehicle type 𝑘 ∈ 𝐾
𝑦𝑘𝑏 Battery power corresponding to breakpoint 𝑏 ∈ 𝐵𝑘 for vehicle type 𝑘 ∈ 𝐾

Decision variables:
𝑥𝑘𝑖𝑗 Binary variable, taking a value of 1 if deadhead trip arc (𝑖, 𝑗) ∈ 𝐴 is linked

with a vehicle of type 𝑘 ∈ 𝐾 and 0 otherwise
𝑥𝑘𝑓𝑟 Binary variable, taking a value of 1 if recharging event 𝑓 ∈ 𝐹 begins at time

division 𝑟 ∈ 𝑅 with a vehicle of type 𝑘 ∈ 𝐾 and 0 otherwise

Auxiliary variables:
𝑦𝑘𝑖 Remaining battery power of a vehicle of type 𝑘 ∈ 𝐾 at the beginning of node

𝑖 ∈ 𝑁
𝑦𝑘𝑓 Remaining battery power of bus of type 𝑘 ∈ 𝐾 when recharging event 𝑓 ∈ 𝐹

is finished
𝑠𝑓 Start time of recharging event 𝑓 ∈ 𝐹
𝜏𝑘𝑓 Corresponding start time in the charging function of recharging event 𝑓 ∈ 𝐹

for vehicle type 𝑘 ∈ 𝐾
𝜏𝑘𝑓 Corresponding end time in the charging function of recharging event 𝑓 ∈ 𝐹

for vehicle type 𝑘 ∈ 𝐾
𝑤𝑘

𝑓𝑏 Binary variable, taking a value of 1 if the start battery power of recharging
event 𝑓 ∈ 𝐹 is between 𝑦𝑘𝑏−1 and 𝑦𝑘𝑏 for vehicle type 𝑘 ∈ 𝐾, where 𝑏 ∈ 𝐵𝑘 ⧵ {0}

𝑤𝑘
𝑓𝑏 Binary variable, taking a value of 1 if the end battery power of recharging

event 𝑓 ∈ 𝐹 is between 𝑦𝑘𝑏−1 and 𝑦𝑘𝑏 for vehicle type 𝑘 ∈ 𝐾, where 𝑏 ∈ 𝐵𝑘 ⧵ {0}
𝜆𝑘𝑓𝑏 Coefficient associated with the breakpoint 𝑏 ∈ 𝐵𝑘 in the piecewise linear

charging function of vehicle type 𝑘 ∈ 𝐾 at the beginning of the recharging
event 𝑓 ∈ 𝐹

𝜆𝑘𝑓𝑏 Coefficient associated with the breakpoint 𝑏 ∈ 𝐵𝑘 in the piecewise linear
charging function of vehicle type 𝑘 ∈ 𝐾 at the end of the recharging event
𝑓 ∈ 𝐹

Appendix B

In this study, the piecewise linear formulation of the charging function (Zhang et al., 2021a) is adopted. Fig. 15 shows how
values of start and end points in a charging process are determined by auxiliary variables. As the remaining battery storage of the
start point 𝑦𝐴𝑓 = 60 kWh, the start time 𝜏𝐴𝑓 and other variables are determined according to Constraint (19) to (25). Constraint (22)
enforces that only one of 𝑤𝐴

𝑓𝑏 equals 1. Constraint (23) to (25) ensure that only two of 𝜆𝐴𝑓𝑏 related to adjacent breakpoints are
non-zero, and add up to 1 according to Constraint (21). Therefore, Constraint (19) makes 𝑦𝐴𝑓 a linear combination of the parameters
of two adjacent breakpoints, the solution of which is unique, and thus the values of 𝜆𝐴𝑓𝑏 and 𝜏𝐴𝑓 can be determined. By assuming
fixed charging durations, the end time of the charging process 𝜏𝐴𝑓 are calculated by Constraint (18), and values of other variables
f the end point can be determined similarly by Constraint (26) to (32).

Constraint (33) is the charging station capacity constraint ensuring that the number of vehicles being recharged or starting
harging cannot exceed the capacity of the charging station at any time division 𝑟 ∈ 𝑅. By predefining the time interval and

charging duration, the total number of buses at a certain time can be converted to the sum of arcs that are linked to certain time-
expanded nodes. As shown in Fig. 16, when the time interval and charging duration are equal to 10 min and 30 min, respectively,
the number of buses in the charging station at 8:30 can be calculated as the sum of arcs linked to time-expanded node b (8:10–8:40),
c (8:20–8:50) and d (8:30–9:00).

Appendix C

Ji et al. (2022) develop a regression model to estimate the trip energy consumption of BEBs, which shows a high estimation
accuracy on empirical data. According to the sensitivity analysis, the energy consumption rate of BEB shows an approximately
positive linear relationship with battery capacity. An energy consumption growth coefficient 𝛼 = 2.97 × 10−4 kWh/km kWh−1 is
obtained from the aforementioned results, indicating that for every 1 kWh increase in battery capacity, energy consumption rate
increases by 2.97×10−4 kWh/km. To adjust the energy consumption of different vehicle types, the energy consumption of trip 𝑖 ∈ 𝑇

ith vehicle type 𝑘 ∈ 𝐾 is calculated by Eq. (37), where 𝐸̂ is the benchmark capacity of BEBs whose GPS and OBD data was
ollected, 𝑒𝑖 is the energy consumption of trip 𝑖 obtained from collected data, and 𝑙𝑖 is the travel distance of trip 𝑖.

𝑘 𝑘 ̂
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Fig. 16. Illustration of the time-expanded nodes (Time interval=10 min, charging duration=30 min).
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