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ABSTRACT: Electric bus (EB) fleets are transformed into flexible energy resources through vehicle-to-grid (V2G) technology while
maintaining regular transit services. This paper investigates the joint optimization of vehicle operations and bidirectional charging
decisions for a multi-route EB system with limited bidirectional and unidirectional chargers. A time-expanded network is constructed to
capture EB's daily operations, supporting optimization of partial charging and discharging decisions. Considering the effect of upward and
downward regulation demands of the power grid, a mixed-integer programming model is established to minimize operating costs and
regulation deviation. Then, a column-generation-based diving heuristic algorithm incorporating two dominance strategies is further
designed to efficiently search for a high-quality solution. Finally, numerical experiments based on real-world bus routes are conducted,
and results indicate that the optimized scheme enhances both the economic performance and grid-friendly operation of the EB system.
Specifically, the discharging revenues effectively offset the electricity purchase and battery degradation costs, while the EB fleet meets
86.3% of the regulation demand. In addition, the two dominance strategies reveal different advantages, dominance strategy I reduces total

costs by 28.7 CNY, whereas dominance strategy Il shortens the solution time by 39.6%.
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1 Introduction

1.1. Background

With the growing emphasis on sustainable and low-carbon
mobility, the electrification of public transit systems has
continued to accelerate. Electric buses (EBs) have gained a
prominent position of this transition because they can reduce
greenhouse gas emissions and noise pollution. Beyond these
environmental benefits, the batteries carried by EBs also
provide considerable potential for energy storage and power
grid support. As EB deployment expands and charging
technologies continue to develop, EBs are gradually
transforming from passive electricity consumers into flexible
energy storage resources. Vehicle-to-grid (V2G) technology
facilitates this evolution by allowing energy to flow
bidirectionally between EB batteries and the power grid (Zeng
and Qu, 2023; Shaheen et al,, 2024; Li et al., 2026a).

Compared with private electric vehicles, EB fleets are
particularly suitable for V2G applications. They are typically
managed centrally (Bie et al, 2024), operate on regular
timetables and scheduling schemes (Cong et al.,, 2025), rely on
depot-based charging infrastructure (Dong et al,, 2024), and
have relatively predictable idle periods (Yao et al.,, 2025).
These characteristics create favorable conditions for
aggregating dispersed batteries and scheduling them as a
controllable resource for the power grid. Beyond this
theoretical potential, V2G demonstration projects in cities such
as Shanghai, New York, and London have also provided
practical evidence of technical feasibility.

The integration of V2G into EB operations may create
benefits for both transit operators and the power grid. For
transit operators, bidirectional charging may create revenue

through energy arbitrage, thereby improving the economic
sustainability of EB systems. For the power grid, aggregated EB
batteries can serve as flexible resources to support peak
shaving and reserve service, compensating for the limited
regulation capability of conventional generation units.
However, these potential benefits introduce additional
operational challenges. Supplying electricity back to the power
grid may reduce the available state of charge (SOC) of EBs
before subsequent trips, increasing the risk of service
infeasibility (Zhou et al, 2025a) and imposing stricter
requirements on charging coordination (Ji et al., 2026a). The
additional energy throughput (Sagaria et al, 2025) may
accelerate battery aging and increase battery degradation
costs (Othman et al., 2025).

These issues become more challenging in the multi-route EB
system (Cong et al, 2024), where bus assignments, trip
operations, battery energy management (Jiang et al., 2022a),
and allocation of limited bidirectional and unidirectional
chargers are highly interdependent (Wang et al, 2024).
Motivated by these challenges, this paper develops vehicle
scheduling and bidirectional charging scheduling for a multi-
route EB system, aiming to ensure normal transit service while
exploiting the economic and grid-friendly potential enabled by
V2G technology.

1.2. Literature review

Research on the vehicle scheduling problem for EBs (E-VSP)
has been conducted on the system equipped with
unidirectional chargers, hereafter referred to as E-VSP-UC,
where EBs draw energy from the power grid to meet daily
service requirements. Enabled by V2G technology, the system
equipped with bidirectional chargers allows EBs to exchange
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energy with the power grid, giving rise to E-VSP-BC.
Accordingly, this section classifies existing studies according to
the type of chargers and reviews them separately.

(i) E-VSP-UC

Studies on E-VSP-UC optimize vehicle assignment and
charging decisions (Huang et al, 2026), typically with the
objective of reducing fleet size (Xu et al., 2023), operating costs
(Whitaker et al,, 2023), or charging costs (Teng et al., 2020).
These studies have provided important modeling and
algorithmic foundations for improving the economic
performance of EB systems (Ji et al,, 2026b; Zeng et al., 2023a).

In single-route settings, EBs are assigned to scheduled trips,
while charging decisions are arranged during idle periods to
maintain service integrity. A typical formulation incorporates
core operational constraints (Li et al, 2026b), including trip
coverage, flow conservation (Zeng et al, 2023b), energy
feasibility (Zhang et al., 2023), and charging duration (Ji et al,,
2023). Building on this basic framework, existing studies have
extended the problem in several directions. Various charging
modes have been investigated, including opportunity and
overnight charging (Abdelwahed etal., 2020; Tang et al.,, 2024),
partial and full charging (Lian et al., 2023; Xiong et al.,, 2022),
as well as depot-based and en-route charging (Wang et al,
2023; Zeng et al.,, 2024). Time-of-use electricity prices have
also been considered to guide charging activities toward low-
price periods (Zhang et al, 2024a) and reduce electricity
expenditure (He et al., 2022; Zhao et al., 2025). Operational
uncertainties, including uncertain travel times (Tang et al,
2019) and stochastic energy consumption (Qiu et al., 2026),
have also been modeled to improve departure punctuality and
energy reliability of the EB system. Nevertheless, many of them
assume that charging resources are sufficient, which overlooks
the impacts of charger competition.

As the problem scale expands from a single route to multiple
routes, studies on E-VSP-UC place greater emphasis on the
coordinated use of limited chargers (Jiang et al., 2022b; Zhang
et al, 2024b; Jia and An, 2025). In multi-route settings, EB
serving different routes may arrive at depots or charging
stations during overlapping time periods, resulting in charger
competition and charging delays. To capture the operational
restrictions imposed by shared chargers, existing studies have
incorporated depot capacity (Jahic et al., 2021), charging time
windows (Gkiotsalitis et al., 2023), deadheading costs, and
waiting delays into scheduling models (Lacombe et al., 2024).
These studies have provided a realistic framework for
managing shared charging resources. However, they generally
treat EBs solely as electricity consumers and do not consider
discharging energy back to the power grid.

(ii) E-VSP-BC

E-VSP-BC extends E-VSP-UC by incorporating discharging
decisions and allowing EBs to exchange energy bidirectionally
with the power grid. Related formulations have been examined
by Zhou et al. (2025b) and Son et al. (2025), with similar V2G
settings also considered by Kang et al. (2025) and Najafi et al.
(2025). Research efforts focused on the economic and
operational implications from several perspectives. For
example, some studies have conducted cost-benefit analyses of
V2G integration by comparing V2G-capable EBs with fueled
buses or diesel buses (Shirazi et al,, 2015; Zheng et al,, 2026).
Other studies have examined how battery-swapping EBs can
participate in wholesale electricity (Brinkel et al., 2023; Ke et
al,, 2020) and ancillary service markets (Zhou etal., 2024; Yang
etal, 2021). Battery degradation has also been incorporated to
capture aging costs (Li et al., 2025) caused by more frequent
charging and discharging (Manzolli et al., 2022). They have

demonstrated potential benefits of integrating V2G technology
into EB operations and have provided useful insights into the
trade-offs among operating costs, discharging revenues, and
battery degradation costs.

Most studies are conducted in single-route settings and
assume that the depot is equipped with sufficient and
homogeneous bidirectional chargers, neglecting resource
competition in multi-route shared-depot operations. In
addition, charging modes are often simplified or limited to full
charging, leaving the flexibility offered by partial charging and
discharging insufficiently explored. Moreover, power grid
regulation demands are rarely incorporated into scheduling
models, limiting the evaluation of EB fleets as grid-friendly
flexible resources.

1.3. Contributions

This paper develops a coordinated optimization framework for
V2G-enabled multi-route EB systems, determining vehicle
operation and bidirectional charging scheme, while
demonstrating the potential of EBs as flexible energy storage
resources. The contributions are summarized as follows:

i) A time-expanded network is constructed to capture the
daily operation process of EBs, including trip execution,
waiting, charging, and discharging activities. Based on this
network, the integrated scheduling problem is transformed
into a path-selection problem, which enables optimization of
partial charging and discharging decisions.

if) Considering the effect of upward and downward
regulation demands of the power grid, a vehicle scheduling and
bidirectional charging scheduling model subject to depot
capacity constraints is developed. The model is constructed as
a mixed-integer program to minimize operating costs and
regulation deviation penalty costs. This captures the trade-off
between economic performance and grid-friendly operations
of EBs.

iii) A column-generation-based diving heuristic algorithm is
developed with two dominance strategies. The algorithm
combines the ability of column generation in handling large-
scale optimization problems with the advantage of the diving
heuristicin efficiently obtaining a high-quality feasible solution.

The paper is structured as follows. The integrated vehicle
and bidirectional charging scheduling model is formulated in
Section 2, together with the column-generation-based diving
heuristic developed for its solution. Numerical experiments are
presented in Section 3, where comparative and sensitivity
analyses are also conducted. Section 4 summarizes the major
findings and discusses potential avenues for further research.

2 Methodology

2.1. Time-expanded network construction
Multiple bus routes share a depot for both charging from and
discharging to the power grid in the V2G-enabled EB system.

Let N and H represent the numbers of unidirectional and
bidirectional chargers at the depot, respectively. Let Pfha and

PZdis denote the charging power drawn by EBs from the power
grid and the discharging power delivered back. The set of bus
routes originating from the depot is represented by L. Dldh

and W™ indicate the deadheading time and energy

consumption between the depot and the origin station,
respectively. The EB fleet is organized on a route basis, with a
predefined set of buses assigned to each route. The operational
coupling among routes mainly arises from their shared
charging and discharging resources at the depot. For each
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route [, the corresponding set of EBs is denoted by K, with

Q, characterizing their battery rated capacity and cga‘

representing the degradation cost associated with a unit
throughput in battery energy. Let B, denote the set of trips on

route [ .Fortrip beB,, T is used to represent the scheduled

departure time. The associated travel time and energy
consumption are characterized by Df; and W} .

The scheduling horizon is discretized into F periods. For
period f TfSta indicates its starting time, whereas Tfend
denotes the corresponding ending time. The electricity
cha

purchase price and resale price in period f are denoted as c;

dis
f
downward regulation energy demands assigned by the power

grid to the depot are denoted by w; and w, . Upward

and c¢° . For each regulation period f, the upward and

regulation is realized by supplying energy from the EB fleet to
the power grid through discharging, whereas downward
regulation is realized by absorbing energy from the power grid
through charging. The corresponding regulation energy is
determined by the charging or discharging power and the
associated duration.

ha 1
"V era

i
__slyycha . cha cha

The scheduling horizon is discretized into time slots of

length At. Let T denote the set of time points, where ¢
denotes the corresponding time index. Based on this
discretization, a time-expanded network GE(V,A) is
developed, as shown in Fig. 1, where A represents the arc set
and V defines the node set. Each arc connects two distinct
nodes i and j in V.Asdefined in Eq. (1), V comprises virtual
origin and destination nodes O"", trip nodes on route ! \{"i” ,
waiting nodes at the origin station \{t":aito , waiting nodes at the

depot V!, charging nodes associated with unidirectional

chargers \fo®

discharging nodes for bidirectional chargers

and bidirectional chargers iga , and

% . Waiting
nodes are explicitly introduced to keep the arc set manageable.
Without waiting nodes, each trip node would need to be
connected directly to all reachable charging and discharging
nodes to represent the dwell time of an EB at the depot,
resulting in a much denser network. With waiting nodes, dwell
time can be represented by arcs between consecutive time
points, which reduces the number of required arcs.

V :O vir lerip UVwaitO vaaitl chha U iga 9, idis

sta depot tra
:{01'”, o;’”t|VleL}u{v;;7p|‘v’le L, beBl} 1)
wait0 waitl cha cha dis
U{Uz L0, U Uhia UaytET }

out

where o' and o denote the virtual origin and destination

nodes of route I . All EBs assigned to route ! depart from o;"

out ,

and eventually return to of"; v denotes the service node of

waitl
t

wait0

" and o

trip b on route I . At time ¢, v represent the

waiting nodes at the origin station and the depot at time ¢ ;
¢ is the charging node of unidirectional chargers, whereas

Utra,f
dis
bid,

cha

vag, and vgg, denote the charging and discharging nodes of

bidirectional chargers.

The network shown in Fig. 1 contains several representative
arc categories: pull-in arcs, pull-out arcs, departure and arrival
arcs of trips, waiting arcs, charging arcs associated with
unidirectional or bidirectional chargers, discharging arcs
associated with bidirectional chargers, and access and egress
arcs of charging or discharging activities. For any arc

connecting nodes i and |, the energy variation coefficient

w(i,j) and the cost coefficient c(7,;) are defined as follows:
i) Pull-in arcs A" : It represents the transition of EB b from

the virtual origin of route [ to its first assigned trip. It
represents the initial deadheading movement from the depot

to origin station. Accordingly, w(oj”, v,‘”bp) =-W" and
claf o) =
ii) Pull-out arcs A™ : It connects the last trip served by EB b

to the virtual destination node of route [ . It represents the
final deadheading movement from the origin station back to
depot after the EB completes its daily service. In this case,
w(v,"'b” 0,"”‘)=—WIdh and c(v}lr,i,”, of“l) =cPW™.

iii) Departure arcs of trips from the origin station AJ{:"O :
These arcs describe the transition of an EB from the waiting
state at the origin station to the trip service state (¢ =T} ). This

process does not involve any energy variation. Therefore,
w(vtwam, v,‘”h”) =0 and c(v,wa"o, v,“;p) =0.
iv) Departure arcs of trips from the depot Atﬁ;“l: These arcs

link the waiting state at the depot to the trip service state,
reflecting the deadheading movement from the depot. Hence,

ZU(U;Nanl, U}mbp) — _vv,dh and C(U;Naltl, Ultr;;p) — Cgatvvldh ]

trip

v) Arrival arcs of trips A, : They indicate the completion of

a trip and the transition to the waiting state at the origin station,
w(v;f,i,p, v:mano) _ _Vv’fihri and C(”zt,rzipv v;NaitO) _ Cgatvvl%i .

vi) Waiting arcs ‘”f'tt : Waiting arcs capture the time spent by
an EB in the waiting state at either the depot or the origin

station. Since no energy is consumed or replenished,
wait0 wait0 | _ waitl waitl | _ wait0 waitd | _
w(vf 1 U )—w(v, 1 Ui )—0 and C(vt 1 U )_

waitl waitl | __
c(vt , U )—O.

vii) Charging arcs for unidirectional chargers Atfza : The

charging duration associated with a unidirectional charger is
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represented through these arcs. Over one interval At , the
battery energy increases by PfhaAt, while the corresponding

cost consists of electricity purchase costs cf"P™At and
battery degradation costs coa‘PChaAt Where c°ha applies to any
period f satisfying t>T;" and t+1<T7™.

viii) Charging arcs for bidirectional chargers AZ®: Charging
activities performed through bidirectional chargers are

modeled by this arc set. It produces the same energy increment
and costs over At as those for unidirectional chargers.

ix) Discharging arcs for bidirectional chargers d,'ds : This arc
set represents the duration of discharging operations. During
one interval At, the battery energy decreases by PzdiSAt, while
the corresponding cost consists of discharging revenues

—c{°P*At and battery degradation costs ¢, P, At .

x) Access arcs of charging or discharging Apvy,g" Access arcs

model the transition from the waiting state at the origin station
to either a charging or a discharging state. To initiate such an
activity, the EB must deadhead from the origin station to the

depot. Let D" denote the minimum charging or discharging

duration.

For charging access arcs, w(vwa“o, UtchHD;MDﬁ;;): w(vfwa“o,
UET:HD"MDﬂ:g ) - _Vvldh PChaDr?wluls and C(Uwano’ vtcr:aYHD;ﬁmDﬂilﬁ ) =
C(vfwa *, vg:znnfung;g) = ChaP ™ Dhin +Cgat(P " Dhin + Wzdh)- For
discharging access arcs, w(v;”a"o, vg:Z,HD;’MDg;g):_Mlldh

pdlsDr;:IIs and C(v;lvano UE:Z HDdh +Dmi ) - d|sPd|str:lls

thlstlle + Coalwdh

min
pile

xi) Egress arcs of charging or discharging A ; : Egress arcs

describe the transition from a charging or discharging state to
the waiting state at the depot. No energy variation occurs,

cha waitl cha waitl dis waitl
w(v[ra‘t’ Yy ) w(vbnd tr U ) w(vbm U ) =0 and
cha waitl cha waitl dis waitl
C(Utrar’ Yy ) _C(Ubldi’ Yy ) _C(Ubndt' Uy ) =0.

2.2. Model formulation

For the E-VSP-BC, this paper considers the capacity limitations
of unidirectional and bidirectional chargers at the depot and
formulates an integer linear programming model, as shown in
Egs. (2) - (15). To support the economic and grid-friendly
operations of EBs, the objective function is designed with two
components. The first evaluates the operational costs and
revenues associated with EB scheduling and V2G participation,
where electricity purchase costs and battery degradation costs
are treated as positive cost components, while discharging
revenues are deducted from the objective. The second is the
absolute deviation between the regulation energy provided by
EBs and the regulation demand of the power grid. Accordingly,
the objective value may become negative when the discharging
revenues exceed the electricity purchase costs, battery
degradation costs, and regulation deviation penalty costs
considered in the model.

A binary variable x, €{0, 1} is introduced to indicate
whether EB k traverses arc (z’, j) . A feasible path represents a

continuous temporal sequence that captures trip connections

(Call, 2010), deadheading movements, waiting decisions (Li et
al,, 2026¢), charging and discharging operations (Liang et al,,
2026), and battery energy evolution (Ding etal, 2026).

min Z=%>" > c(i,j xk,,+ﬁ2(6lff+6§ +6; +(52f)(2)

leL keK, (i,j)eA

> 5,7l Vjey™ viel 3)
keK; i:(i,j)eA
xkoi“jzl VkeK, VieL 4)
jipear
X, =1 VkeK,VielL (5)
iAo

D %= 2 %, =0 VieV\OY, Vke
j:(i,j)eA j:(i,j)sA
20 D X SN VieT 7

leL keK; i:(i,j)eA

20D X 2D, D%

leL keK; i:(i,j)eA leL keK; i:(i,j)eA

S, Q=S Q+w(i,j)x.; V(i j)eA, VkeK, VieL (9)

K, viel (6)

<H VteT (8)

dis  —
k 1,0pig ¢

Sen =S~ VkeK, viel (10)
Slmi"SSk’jSSImx VieV, VkeK, VielL (11)
Tend At
617][ 62 f + PChaAtZ z Z k vlrat Utr:am
leL \ ke t=Tf® '
T At (12)
+ z Z xk vbldl vSTém = w} er F
keK; t= Tf
TP -t
Ol =0, +BALY > Z Xt atn,, ~Wr YfeF (13)
lel keK; t= "[‘5‘a
O sy 05000, 0, €, VfeF (14)
xkv,.'je{O, 1} VkeK, Viel, V(i,j)eA (15)

where f is the penalty coefficient for the deviation between
the regulation energy of the EB fleet and the regulation demand
of the power grid; 6, and ¢,, represent the shortfall and

excess of downward regulation response in period f ; 0, and
0, ; represent the shortfall and excess of upward regulation

response in period f ; S;; and S ; indicate the SOCof EB k at

nodes i and ] ; Sfta gives the initial SOC of EBs serving route
I at the beginning of the daily operation; S™ and S™
specify the minimum and maximum allowable battery SOC.
Constraint (3) imposes trip coverage, allowing each trip to
appear in one and only one vehicle schedule. Constraints (4)
and (5) require each EB to depart from the virtual origin of its
assigned route and return to the corresponding virtual
destination. Constraint (6) maintains flow conservation
throughout the network by equating inflow and outflow at
every node. Constraints (7) and (8) are depot capacity
constraints that prevent conflicts in the use of unidirectional
and bidirectional chargers. Constraints (9) tracks changes in
battery SOC as EBs traverse different types of arcs. Constraint
(10) sets the battery state at the start of daily operation, while
constraint (11) requires the SOC to remain within the
prescribed safe range over the entire scheduling horizon.
Constraints (12) and (13) define the deviations between the
charging and discharging energy and the corresponding
regulation demand of the power grid in each period.
Constraints (14) and (15) impose the admissible value ranges
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for the model variables.
2.3. Solution algorithm

The E-VSP-BC is a large-scale optimization problem (Tang et al.,

2019), whose feasible solution space expands exponentially as
the numbers of the number of routes (Cong et al., 2023), trips
(Jiang and Zhang, 2022), and chargers. Directly solving the
problem using a solver may make it difficult to obtain solutions
within an acceptable computational time (Zhou et al., 2024).
Given the strong route-level decomposability of the problem,
this paper applies a column-generation-based diving heuristic,
to efficiently obtain a high-quality solution. Specifically, the
original formulation is decomposed into a restricted master
problem (RMP) and pricing subproblems (PSP) (Ji etal.,, 2023).
The RMP determines the combination of feasible scheduling
schemes, while the PSP uses the dual information from the
RMP to generate improving columns with negative reduced
costs. After obtaining the linear relaxation solution, a diving
heuristic (DH) is employed to construct an integer solution
recursively, guided by high values in the fractional solution.
2.3.1. Column generation

The binary constraints in the original model, as formulated in
Egs (14) and (15), are first linearly relaxed. The trip coverage
constraint in Eq. (3), the depot capacity constraints in Egs. (7)
and (8), and the regulation deviation constraints in Egs. (12) -
(13) are then treated as linking constraints. Dantzig-Wolfe
decomposition is applied to formulate the RMP and the
corresponding PSP. Since EBs serving the same route are

homogeneous, they share the same feasible domain X, . Let Q)
denote the set of feasible scheduling schemes for route /. A
continuous decision variable y, , is defined to represent the
number of EBs on route ! that adopt scheduling scheme p,
where peQcQ),.

To describe the arc-flow information of each column and

characterize its cost, trip coverage, and charger occupation,
parameter % .. €{0,1} is introduced. It equals 1 if feasible

scheduling scheme p for route [ traverses arc (i,j), and 0
otherwise. Accordingly, the cost ¢, , of scheme p for route [

is expressedas Y ¢ . The RMP is as follows:

(i,j)eA

fjxlzﬂJ

min Z = chlp%p+ﬁ2(6;f+5;,f+6£f+6;vf) (16)

leL peQy
sty ary,, =1 Vjiey™, viel (17
peQy
d>aty, <N VteT (18)
leL peQy
D> any,, <H VteT (19)
leL peQy
PIAtY > ar, v, 0., =0, =w, VfeF  (20)
leL peqy
PEAEY Y al, y,, +6, 0, =w; VfeF 21
leL peQy
> y,=K VvielL (22)
peqy
v,,20 VpeQ, VielL (23)
O ps 62’f,61*f, 6§f_0 VfeF (24)

where K, denotes the number of EBs assigned to route [ ;

is trip coverage coefficient, a,”"’]— z X, » and

(i.j)eA

trip
a.p, j

indicates whether feasible scheduling scheme p for route [

bid
Lp.t

tra

covers trip node J ; 4, and g are charger occupation

. 3 tra  _ bid __ 2
coefficients, @, = Z xlpivfha, and a,, = z xz,pfug?:‘f"’
i:(i,j)eA ir(i,j)eA
JAClp,vd.s , indicating whether scheme p for route I
it
ir(i,)eA

occupies unidirectional chargers and bidirectional chargers at
time ¢ ; @, and al*pf are regulation deviation coefficients,

characterizing the numbers of charging and discharging arcs

generated by scheme p for route !/ in period f ,
5 At T At

- = % % and r=

G = 20 R T 20 T ot p.s
=T =T

T - At

=1y

Let 7, denote the dual variable for the trip coverage

constraint (17). Dual variables {}* and y; correspond to
the depot capacity constraints (18) and (19), while 7, and T;
are assigned to constraints (20) and (21). The fleet size
constraint (22) is associated with 0, . The reduced cost of
column p for route ! is given by Eq. (25), the constraints of

the PSP is presented in Egs. (26) - (32).
z l'b"a Z i'u‘:ha

minz'= Y ¢x, - > M Y X,

(i.j)eA ]ev"”’ i:(i,j)eA teTT i:(i,j)eA
YUY (v b RN
teT i:(i,j)eA o feF
Tend _At Tfend A . (25)
z xlcha o Z -xvcha oot - PzdlsAt
= TS[B lrat l[a t+1 t:T;'a bid ¢ » Ubid t+1
Tend A
X Z Tf z xlb.m o —o
feF =T
st . z xa}".j =1 (26)
i )eA"
X, o =1 (27)
ii(i,j)eAM '
> ox,- Y x,=0 Vienow (28)
jiirj)eA ji(irj)eA
5Q,=5Q +w(i’j)xij ‘v’(i, j)EA (29)
5, =5 (30)
SM<S <S™ VeV (31
x,,€{0,1} V(i,j)eA (32)

For route I, the PSP is essentially a resource-constrained
shortest path problem (He et al, 2024). In this paper, it is
solved using a label-setting (LS) algorithm. Specifically, labels
are initialized at the virtual origin node. Each label records
information such as the accumulated reduced cost, battery
remaining energy, and predecessor label. The labels are
extended along feasible arcs in the topological order of the
time-expanded network, and each newly generated label is
checked for resource feasibility. Labels that violate the lower
or upper bound on battery energy, or any other resource
constraints, are discarded. Each feasible label is then compared
with the existing labels at the same node through dominance
checks. If an existing label is no worse than the newly

L
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generated label, the new label is dominated and discarded.
Conversely, if the new label is no worse than an existing label,
the existing label is removed and the new label is retained. This
process continues until all nodes have been processed. Finally,
among the columns not yet appeared in RMP, the candidate
with the lowest reduced cost is chosen for the RMP.

In the LS algorithm, dominance rules have a substantial
impact on both computational efficiency and solution quality.
To balance these two aspects, two dominance rules are
designed:

Dominance rule I This rule is relatively conservative and
avoids discarding labels that may lead to an optimal solution.
Specifically, for two labels A and B with the same remaining
energy, label A dominates label B if the accumulated reduced
cost of label A is no greater than that of label B. This rule helps
preserve solution quality in the PSP. However, because the
dominance condition is relatively weak, a large number of
labels may be generated during the solution process, thereby
reducing computational efficiency.

Dominance rule II: This rule discards inferior labels more
aggressively while aiming to obtain high-quality solutions.
Specifically, label A dominates label B if the accumulated
reduced cost of label A is no greater than that of label B, the
remaining energy of label A is no lower than that of label B, and
label A is strictly better in at least one of these two dimensions.
Compared with dominance rule I, dominance rule Il can reduce
the number of labels and accelerate the solution process (Jiang
etal, 2023).

Dominance rule II is generally valid for the E-VSP-UC, but
this property does not necessarily extend to the E-VSP-BC.
Under V2G mode, remaining energy is not only a feasibility
resource but also a flexible asset. In other words, it influences
the feasibility, as well as the ability to provide upward or
downward regulation of subsequent trips. Higher energy
supports subsequent trips and discharging, while lower energy
leaves more room for upward and downward regulation. As a
result, neither a higher nor a lower energy is uniformly
preferable, and the monotonicity assumption underlying
dominance rule II no longer holds. Consequently, dominance
rule II should not be used as the sole dominance criterion in the
column-generation procedure. In this study, dominance rule II
is first used to obtain an initial LP relation solution. The
algorithm then switches to the more conservative dominance
rule I and continues the column-generation iterations until no
column can be generated. For clarity, the exclusive use of
dominance rule I throughout the column generation is
hereafter referred to as dominance strategy I, whereas the
above two-stage strategy is referred to as dominance strategy
II. The latter improves computational efficiency while ensuring
the validity of the final lower bound.

2.3.2. Diving heuristic

The solution obtained by column generation is an LP relaxation
solution and typically contains fractional variables. Therefore,
it cannot be directly used as a feasible solution. A common
approach is to incorporate a branch and bound (B&B)
algorithm, leading to a branch and price (B&P) framework (Lu
et al, 2026). This framework progressively eliminates
fractional solutions and searches for the optimal integer
solution. However, the problem considered here involves
many candidate paths that are structurally similar and yield
comparable contributions to the objective function. As a result,
the B&P algorithm tends to exhibit slow convergence of the
upper bound, which significantly hinders computational
efficiency. The main reasons are as follows:

i) The fine-grained time discretization used in this paper

creates a large number of charging, discharging, and waiting
nodes, resulting in many similar arcs in the time-expanded
network. This gives rise to a large number of nearly equivalent
paths. Consequently, new columns generated by the PSP are
often highly similar to existing ones. Even when these columns
have negative reduced costs, they may contribute only
marginal improvements in the LP relaxation objective value of
the RMP.

ii) The objective function balances operating costs and
regulation deviation, creating an inherent trade-off. Reducing
regulation deviation may require EBs to charge or discharge
during economically suboptimal periods, while prioritizing
operating costs may limit the ability to meet grid regulation
demands. As a result, improvements in the objective value tend
to be gradual, further slowing the convergence of the algorithm.

To address this issue, this paper adopts the DH that exploits
the structural information (Parmentier et al., 2023) embedded
in the LP relaxation solution (Ma et al., 2026). It aims to rapidly
construct a high-quality integer feasible solution within a
relatively short computational time. Specifically, columns with
the largest values of y, , are selected as priority candidates for

fixing. Meanwhile, the corresponding branches where they are
fixed to 0 are stored as backtracking nodes. They can be
revisited if the current search path fails to construct a feasible
integer solution. In this way, the DH can efficiently extract
promising path combinations from the fractional solution and
obtain the integer feasible solution without exploring a large-
scale branch tree.

3 Numerical experiments

3.1. Data and parameter setting

Two actual bus routes are selected to demonstrate the
performance of the proposed model and algorithm. Routes 15
and 88 are selected, as they originate from the same depot.
Route 88 covers 11.7 km with 22 stations in the inbound
direction and 13.1 km with 23 stations in the outbound
direction. Route 15 is 19.3 km long in each direction, with 34
stations arranged symmetrically. The departure stations of
both routes are close to the depot. The deadheading time and
distance are set to 3 min and 1 kWh.

A trip is defined as the process (Ji et al., 2026a) in which an
EB departs from the origin station, completes both inbound
and outbound services, and returns to the same terminal. For
Route 15, the first and last trips depart at 06:00 and 18:30. The
route operates 60 trips per day, with an average travel time of
134.7 min. Route 88 has a longer daily service period, from
04:50 to 22:00, with 144 trips per day and an average travel
time of 98 min. Travel times of two routes are presented in Fig.
2.
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Fig. 2. Trip travel time for Routes 15 and 88.

A fleet of 13 EBs is assigned to Route 15 for daily operation.
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They have a curb weight of 17,900 kg and are equipped with
batteries rated at 218.54 kWh. Route 88 is served by 20 EBs
during the operation time, whose curb weight is 18,000 kg and
battery rated capacity is 173 kWh. The allowable range of SOC
for EB batteries is [20%, 100%]. The battery degradation cost

(cgat) per unit of energy throughout is set to 0.1 CNY/kWh.

Trip energy consumption is estimated based on the approach
introduced by Ji et al. (2022), where route length, travel time,
and bus curb weight serve as input variables. The estimated
average trip energy consumption is 27 kWh for Route 15 and
19 kWh for Route 88. The information about the two routes is
summarized in Table 1.

Table 1. Detailed information about Routes 15 and 88

Average Average
I Route |BI| |K1| Q tr.avel energy
(kWh) time consumption
(min) (kWh)
1 15 60 13 218.54 134.7 27
2 88 144 20 173 98 19

The depot has two unidirectional chargers (i.e., N =2) and

six bidirectional chargers (i.e, H =6). The charging power
( ™) and the discharging power ( P/*) are 120 kW. The time-

of-use charging and discharging prices, as well as the power
grid regulation demands, are listed in Table 2. Given that a local
V2G discharging pricing mechanism has not yet been
implemented, price settings are determined by referring to
real-world tariffs adopted in another city. Considering factors
such as the availability of EBs, the number of unidirectional and
bidirectional chargers, as well as their power, the upward and
downward regulation energy demands are assumed in Table 2.

Table 2. Electricity prices and power grid regulation

demands within periods
cha

i i ¢4 (CNY  w; w;
oo (CNY kaE/h kV\;h kV\;h
/kWh) /kWh)  (kWh)  (kWh)
1 400 6:00 0328 2 - -
2 600 7:00 0328 1 - -
3 7:.00 800 0528 1 100 -
4 800 10:00 0.628 1 500 -
5 10:00 14:00 0528 1 0 2,000
6 14:00 16:00 0528 2 0 1,200
7 16:00 20:00  0.628 3 2,000 0
8 20:00 22:00 0528 3 100 0

In addition, the time slot duration ( At) is set to 1 min to
capture the temporal evolution of charging and discharging

activities. It allows the activity start and end times to be
represented with sufficient accuracy, while maintaining a

manageable size of the time-expanded network. The minimum
pile

charging or discharging duration ( D};) is required to be 15

min to avoid short charging/discharging operations. The

penalty coefficient (o ) for the deviation between the energy
provided by the EB fleet and the power grid regulation demand
is assigned a value of 1 CNY/kWh, which encourages the EB
fleet to follow the regulation demand.

3.2. Result analysis

3.2.1. Optimization results under two dominance strategies
The algorithm is implemented in C++, and Gurobi 13.0 is
adopted as the solver for the RMP. All numerical experiments
are carried out on a computer with an Intel Core i7-12700H
2.30 GHz CPU and 16 GB RAM. As presented in Section 2.3.1,
two dominance strategies are developed for solving the PSP.
Based on this, the optimized vehicle and bidirectional charging
scheduling schemes are presented in Fig. 3.

The solution obtained using dominance strategy I has an
objective value of -4,436.4 CNY, comprising electricity
purchase costs of 1,625.2 CNY, discharging revenues of 7,958.0
CNY, battery degradation costs of 1,086.4 CNY, and regulation
deviation penalty costs of 810.0 CNY. In comparison, the
solution obtained using dominance strategy Il has an objective
value of -4,407.7 CNY, including electricity purchase costs of
1,646.3 CNY, discharging revenues of 7,942.0 CNY, battery
degradation costs of 1,094.0 CNY, and regulation deviation
penalty costs of 794.0 CNY. Under both dominance strategies,
the discharging revenues exceed the sum of electricity
purchase costs, regulation deviation penalty costs, and battery
degradation costs, resulting in a negative value. This finding
shows that EB fleet participation in V2G can improve
operational economic performance.

The solution obtained under dominance strategy I has an
objective value 28.7 CNY lower than that under dominance
strategy II. This improvement in solution quality is attributed
to the more conservative dominance criterion of strategy I,
which retains more labels with potential for future
improvement and enables a more extensive exploration of the
solution space. However, retaining more labels also increases
the computational burden. The computation time under
dominance strategy I is 2,978.8 s, whereas dominance strategy
Il requires only 1,798.4 s, reducing the computation time by
approximately 39.6%. Overall, dominance strategy II is more
suitable when computational efficiency is prioritized, whereas
dominance strategy | is preferable when greater emphasis is
placed on solution quality.
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Fig. 3. Vehicle and bidirectional charging scheduling scheme based on two dominance strategies

The extent of the solution-quality loss under dominance
strategy 1l depends largely on the scheduling conditions. It is
expected to perform better when EBs have relatively long
depot dwell times and charging/discharging resources are
sufficient, as these conditions tend to generate more feasible
labels with similar cost and energy states, so that discarding
some of them is less likely to compromise solution quality. In
contrast, short depot dwell times or tight charging/discharging
resources would increase the likelihood that potentially
valuable labels are discarded, thereby causing a greater loss in
solution quality.

3.2.2. Fleet-level response to regulation demand

Fig. 4 compares the fleet charging and discharging energy
with the regulation demand under two dominance strategies.
The charging and discharging schemes generated based on
both dominance strategies are grid-friendly. This
demonstrates that the proposed method can effectively
coordinate the bidirectional energy exchange while
maintaining regular transit services. The satisfaction rates of
the power grid regulation demand are 86.3% and 86.5% under
the two dominance strategies, respectively. The downward
regulation demand is relatively well satisfied, whereas
deviations in the upward regulation demand are concentrated
between 10:00 and 20:00. Furthermore, dominance strategy I1
provides a closer match to the downward regulation demand,
while dominance strategy I performs better in responding to
the upward regulation demand. The total charging energy of
EBs under dominance strategy I is 122 kWh lower than the

charging demand. Under dominance strategy II, the deviation
is reduced to 82 kWh. In terms of discharging, the discharging
energy under dominance strategy I is 20 kWh during period
10:00-14:00, when there is no discharging demand, which is
substantially lower than 80 kWh under dominance strategy II.
Meanwhile, its discharging deviations during periods 14:00-
16:00 and 16:00-20:00 increase by 32 kWh and 4 kWh. The
total discharging deviation under dominance strategy I is 24
kWh lower than that under dominance strategy II.
3.2.3. Vehicle-level charging and discharging
characteristics

As shown by the vehicle-level charging and discharging
energy in Fig. 5, the two routes exhibit distinct energy
exchange characteristics. On Route 15, 11 EBs discharge more
energy than they charge under both dominance strategies,
indicating a stronger tendency to supply energy to the power
grid. On Route 88, 16 and 15 EBs charge more energy than they
discharge under dominance strategy I and dominance strategy
II, respectively, reflecting a more pronounced energy
replenishment pattern. The total charging and discharging
energy on each route remains similar under the two
dominance strategies. Changes in the dominance strategy have
a limited effect on the vehicle-level energy exchange. Relative
to the results under dominance strategy I, the charging and
discharging energy under dominance strategy Il of Route 15
increases by 18 kWh and 4 kWh, while those of Route 88
increase by 22 kWh and 20 kWh.
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Fig. 4. Comparison of charging and discharging energy with regulation demand under different dominance strategies
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Fig. 5. Vehicle-level charging and discharging energy under

different dominance strategies

By contrast, the choice of dominance strategy has a greater
influence on the allocation of charging and discharging tasks
among individual EBs. On Route 15, the adjustments are
concentrated among a small number of EBs. The largest
changes in discharging energy occur for EBs 9 and 10, with an
increase and a decrease of 116 kWh, demonstrating a
substantial transfer of discharging tasks between EBs. On
Route 88, more EBs are affected, and the redistribution of
charging and discharging tasks is more extensive. The
proportions of EBs with changes in charging and discharging
energy reach 60% and 75%. The sums of the absolute changes
in vehicle-level charging and discharging energy on Route 88
are 278 kWh and 404 kWh.

3.3. Comparative analysis

3.3.1. Performance evaluation of the B&P and DH
algorithms

The computational efficiency of the DH algorithm is further
assessed against a B&P algorithm. Specifically, the DH is first
used to generate an integer feasible solution, which provides
the incumbent upper bound for the subsequent B&P procedure.
The B&P algorithm then explores the B&B tree to seek further
improvements. Since column generation need repeatedly
executed at each search node, the B&P algorithm is
computationally intensive, and its maximum runtime is limited
to 7,200 s. For a fair comparison, both algorithms use the same
RMP, PSP, and input parameters. The corresponding
optimization results are reported in Table 3.

Table 3. Computational performance of B&P and DH

algorithms
, Dominance CPIeCtve Gap Time
Algorithm = value (%) (s)
gy (CNY) 0

B&P Dominance -44376 036% 7,200
strategy I

B&P Dominance -4450.1 0.08% 7,200
strategy I

DH Dominance -4436.4 039% 2,978.8
strategy I

DH Dominance -4407.7 1.04% 1,798.4
strategy II

Under dominance strategy I, the B&P algorithm reduces the
optimality gap from 0.39% for the DH algorithm to 0.36%,
corresponding to only a 1.2 CNY improvement in the objective
value. However, its computation time reaches 7,200 s,
approximately 2.42 times that of the DH algorithm. Under
dominance strategy II, the advantage of B&P is more
pronounced, reducing the optimality gap from 1.04% to 0.08%.
However, the computation time is about four times that of the
DH algorithm. The larger difference in solution quality
between the two algorithms under dominance strategy Il may
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be attributed to the effect of preliminary label filtering on the
structure of the linear relaxation solution. Overall, although the
B&P algorithm can improve the integer feasible solution by
further exploring B&B nodes, only a marginal improvement in
solution quality is achieved at the cost of a much longer
computation time.

For larger multi-route EB systems, computational efficiency
becomes increasingly important as the problem scale grows.
The computational burden depends not only on the numbers
of routes, trips, buses, and chargers, but also on their combined
effects on scheduling flexibility and resource competition. The
route-based decomposition provides a favorable structure for
handling such growth, as the pricing problems are solved
separately for individual routes, while the coupling among
routes through shared depot resources is handled in the
master problem.

3.3.2. Comparative analysis under cost-oriented
scheduling

As described in Section 2.2, the proposed model minimizes
operating costs and penalty costs associated with deviations
from the power grid regulation demand, as formulated in Eq.
(2). The corresponding deviations are defined by Egs. (13) -
(16). The model is designed to support economically and grid-
friendly operations of the EB fleet. However, incorporating
regulation demand may reshape the temporal distribution of
charging and discharging activities and consequently change
the economic benefits. To compare the original coordinated
scheduling model with a cost-oriented scheduling model, this
section constructs a comparative analysis. Specifically, the
objective terms and constraints related to power grid
regulation demands are removed, while input parameters are
kept the same as those in Section 3.1. Dominance strategy |
yields a lower objective value in the original model. Thus, the
DH based on dominance strategy I is adopted for the solution.

Under the cost-oriented scheduling scenario, the operating
costs are -5,589.5 CNY, representing a 6.54% reduction
compared with the original model. Specifically, the discharging
revenues increase by 592.0 CNY, while the electricity purchase
costs and battery degradation costs increase by 159.7 CNY and
89.2 CNY. The increase in discharging revenues is greater than
the increases in electricity purchase and battery degradation
costs, indicating that the fleet can more flexibly participate in
V2G and exploit peak-valley price arbitrage.

Further examination of the energy responses in Table 4
shows that, under the cost-oriented scheduling scenario, the
total discharging energy decreases from 1,470.0 kWh in the
original model to 1,290.0 kWh, even though the discharging
revenue increases. This indicates that the cost reduction
mainly results from the temporal reallocation of discharging
activities rather than an increase in total discharging energy.
Specifically, during periods 8:00-10:00 and 20:00-22:00, the
discharging energy increases from 159.6 kWh and 11.1 kWh in
the original model to 260.0 kWh and 40.5 kWh, respectively. By
contrast, during period 10:00-14:00, the discharging energy
decreases sharply from 288.5 kWh to 20.0 kWh, reflecting a
clear temporal shift in discharging activities. Thus, removing
regulation requirements allows more discharging activities to
be shifted toward economically favorable periods.

Table 4. Comparison of fleet energy responses between the
original and cost-oriented models

f Original model Cost-oriented
model

w} w; E; * E; * E; * E; *
(kWh) (kWh) (kWh) (kWh) (kWh) (kWh)
1 -- -- 30 0 0 0
2 100 -- 30 0 30 0
3 500 -- 159.6 0 260 0
4 0 2,000 288.5 847.7 20 805.1
5 0 1,200 202.6 502.3 215.3 5449
6 2,000 0 748.3 30 724.2 0
7 100 0 111 0 40.5 0

Total 2,700 3,200 1,470 1,380 1,290 1,350

Note: * E} is the discharging energy of EBs in period f; E,is the
charging energy of EBs in period f .

3.3.3. Comparative analysis under sufficient charging and
discharging resources

In the multi-route system with a shared depot, depot capacity
limitations directly affect the charging, discharging, and
waiting arrangements of EBs, thereby restricting the flexibility
of the EB fleet. To assess the effects of depot capacity
limitations on the obtained scheduling solutions, this section
constructs a comparative scenario with sufficient charging and
discharging resources. In this scenario, the number of
unidirectional chargers and bidirectional chargers that can be
occupied simultaneously is no longer restricted, which is
equivalent to removing the depot capacity constraints in the
original model, as formulated in Eqgs. (20) and (21). The model
input parameters remain the same as those in Section 3.1, and
dominance strategy I is also used in this section. A comparison
is provided in Figs. 6 and 7.

Original model m Sufficient-resource model
Regulation deviation penalty 810
cOosts 772
1086.4
Battery degradation costs 1089 .8

-7958 I Discharging
-7962 revenues
16252
Electricity purchase costs 1645.2

-8000 -6000 -4000 -2000 0 2000
Cost/ CNY

Fig. 6. Comparison of cost components between original and
sufficient-resource models

Under the sufficient charging and discharging resource
scenario, the objective value decreases by 18.6 CNY. As shown
in Fig. 6, this improvement is mainly driven by a 38.0 CNY
reduction in regulation deviation penalty costs. Although
electricity purchase costs and battery degradation costs
increase by 20.0 CNY and 3.4 CNY, these additional costs are
offset by the reduction in regulation deviation penalty costs
and the increase in discharging revenues. The sufficient
charging and discharging resources enable the fleet to better
respond to the power grid regulation demands.
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Fig. 7. Comparison of charger usage between original and
sufficient-resource models

As demonstrated in Fig. 7, the maximum number of
simultaneously occupied chargers is eight when depot capacity
constraints are considered. Under the sufficient-resource
scenario, this number increases to nine, exceeding the number
of chargers given in Section 3.1. Therefore, removing depot
capacity constraints may lead to infeasible charger usage in
practice. These constraints are necessary to ensure scheduling
scheme feasibility.

3.4. Sensitivity analysis

3.4.1. Impact of battery rated capacity

Battery capacity has a significant influence on the charging and
discharging decisions of EBs in the proposed method. When
battery rated capacities are relatively small, the available
discharging energy is limited, and more frequent charging may
be required to ensure the feasibility of subsequent trips,
thereby restricting their ability to participate in regulation
services. As battery rated capacity increases, EBs have greater
energy reserves and can adjust scheme more flexibly in
response to electricity prices and regulation demand.
Therefore, this section conducts a sensitivity analysis of
battery rated capacity. Only the capacity is varied, while other
input parameters remain consistent with those in Section 3.1.
The DH based on dominance strategy I is also adopted for the
solution. On this basis, the impacts of different battery rated
capacities on operating costs and regulation deviation penalty
costs are analyzed, as presented in Fig. 8.

With larger battery capacities, EBs have more energy
available and greater flexibility in coordinating charging and
discharging operations, leading to a clear downward trend in
operating costs. For example, when Route 15 EBs are equipped
with 100 kWh batteries, increasing that of Route 88 from 90
kWh to 210 kWh reduces the system operating costs from
830.9 CNY to -4,007.1 CNY. When the battery rated capacity of
Route 15 is further increased to 260 kWh, the system operating
costs decrease to -7,074.6 CNY.

831 CNY
260

240
220
200
180
160
140
120
100

-7075 CNY

Battery rated capacity of route 15/ kWh

90 110 130 150 170 190 210
Battery rated capacity of route 88 / kWh
(a) Operating costs

260 2810 CNY
240
220
200
180
160
140
120

100 310 CNY

Battery rated capacity of route 15 / kWh

90 110130150170 190 210

Battery rated capacity of route 88 / kWh
(b) Regulation deviation penalty costs
Fig. 8. Operating costs and regulation deviation penalty costs
for different battery rated capacities

By contrast, the regulation deviation penalty costs do not
decrease monotonically with battery rated capacity. Instead,
they first decrease and then increase, reaching their minimum
value of 310 CNY when the capacities of EBs on Routes 15 and
88 are 140 kWh and 170 kWh, respectively. Nevertheless, the
increase in regulation deviation penalty costs observed in
some high-capacity scenarios is outweighed by the
corresponding reduction in operating costs. Therefore, V2G
operation is more favorable for EB systems with relatively
large battery capacities. However, this does not imply that
transit operators should blindly select larger battery capacities,
as the potential operating benefits should be balanced against
the associated vehicle or battery acquisition costs.

3.4.2. Impact of the proportion of bidirectional chargers
The proportion of bidirectional chargers is a key infrastructure
parameter that determines the available V2G service capacity
at the depot. It directly affects the extent to which the EB fleet
can participate in power grid regulation and obtain discharging
revenue. Accordingly, a sensitivity analysis of the proportion of
bidirectional chargers is developed. Keeping the total number
of chargers unchanged, only proportion of bidirectional
chargers is adjusted, and all other input parameters remain the
same as those in Section 3.1. The DH based on dominance
strategy I is also adopted for the solution. On this basis, the
operating costs and regulation deviation penalty costs under
different proportion scenarios are compared, as shown in Fig.
9.
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A reduction in the number of bidirectional chargers is
generally accompanied by higher operating costs, indicating
that a lower proportion of bidirectional chargers weakens the
economic performance and grid-friendliness of the EB system.
Specifically, when the number of bidirectional chargers
decreases from eight to five, the operating costs change only
slightly from -5,260.5 CNY to -5,242.7 CNY, and regulation
deviation penalty costs increase from 836.0 CNY to 856.0 CNY.
This suggests that, when bidirectional chargers are relatively
sufficient, the system still has enough flexibility to absorb a
moderate reduction in bidirectional chargers without a notable
loss in economic performance. However, when the number of
bidirectional chargers further falls to four or fewer, both costs
increase more rapidly. For instance, reducing the number of
such chargers from five to four increases the operating costs
and regulation deviation penalty costs by 3.1% and 49.1%,
respectively. When the number further decreases to three, the
corresponding increases are 22.2% and 26.0%. Under these
conditions, the ability of EBs to participate in regulation is
significantly constrained, resulting in a rapid increase in both
operating costs and regulation deviation penalty costs.
Therefore, under limited depot capacity, the proportion of
bidirectional chargers should not be too low. Sufficient
bidirectional chargers should be maintained to ensure system
economic performance and grid regulation responsiveness.
3.4.3. Impact of penalty coefficient f

The objective function in this paper consists of operating costs
and regulation deviation penalty costs, with the latter
determined by the regulation deviation and the corresponding
penalty coefficient. Therefore, the value of the penalty
coefficient affects the balance between operating economic
performance and grid-friendliness. Accordingly, a sensitivity
analysis of the penalty coefficient is conducted. Based on the
benchmark parameters in Section 3.1, only the regulation
deviation penalty coefficient is adjusted, while other input
parameters are kept unchanged. The DH based on dominance
strategy [ is also adopted for solutions. The impact of the
penalty coefficient on the objective value, operating costs, and
regulation deviation penalty costs is analyzed, as shown in Fig.
10.

As the penalty coefficient increases from 0.1 to 1, the
objective value rises from -5,416.3 CNY to -4,436.4 CNY, and
the operating costs increase from -5,573.1 CNY to -5,246.4 CNY.
Meanwhile, the regulation deviation decreases from 1,568
kWh to 810 kWh. These results indicate that a larger penalty
coefficient encourages charging and discharging schemes to be
more strongly aligned with power grid regulation demand,
albeit at the expense of system economic performance. By

contrast, when the penalty coefficient is smaller, the model
tends to coordinates charging and discharging activities in
response to electricity price signals, thereby reducing
operating costs. Thus, the penalty coefficient should be
selected according to the operational priority of the transit
operator. A larger value is more suitable when greater
emphasis is placed on grid regulation performance, whereas a
smaller value may be adopted when reducing operating costs
is the primary concern.

I Operating costs —— Objective value
Regulation deviation penalty costs
2000
1000
0 - -
—1000
—2000
—=3000
—4000
—5000
—6000

Costs / CNY

T T T T T T T T T T
0.1 0.2 03 04 05 0.6 07 08 09 1
Penalty coefficient
Fig. 10. Objective function decomposition under different
penalty coefficients

4 Conclusions

This paper develops a coordinated optimization framework for
V2G-enabled EB systems by jointly considering vehicle
operations and bidirectional energy management. Based on a
time-expanded network, a mixed-integer programming model
with depot capacity constraints is formulated to coordinate
trip assignment, charging decisions, and discharging decisions.
A column-generation-based diving heuristic algorithm
incorporating two dominance strategies is designed for the
solution. The key results are outlined below.

i) The proposed method enhances the economic
performance and grid-friendliness of the EB system. The
optimized scheme has an objective value of -4,436.4 CNY,
consisting of 1,625.2 CNY in electricity purchase costs, 7,958
CNY in discharging revenues, 1,086.4 CNY in battery
degradation costs, and 810 CNY in regulation deviation penalty
costs. The discharging revenue substantially offsets the
charging and battery degradation costs, while EBs meet 86.3%
of the power grid regulation demand without compromising
the transit services.

ii) Solution quality and computational efficiency vary with
the dominance strategy adopted. Compared with dominance
strategy 1, dominance strategy I achieves a lower objective
value by 28.7 CNY, because its more conservative dominance
criteria retain more potentially useful labels and allow a more
comprehensive exploration of the solution space. However, the
larger number of retained labels also increases the
computational burden. By contrast, dominance strategy II
reduces the computation time by approximately 39.6%,
making it more suitable when computational efficiency is
prioritized.

iii) Battery capacity, the proportion of bidirectional chargers,
and the regulation deviation penalty coefficient are critical to
balancing operational economy and grid-friendly performance.
Alarger rated battery capacity enhances operational economy,
while sufficient bidirectional chargers are necessary to
maintain regulation response capability. In addition, a higher
penalty coefficient improves grid regulation tracking but may
sacrifice economic benefits.
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Future work may enhance the proposed framework by
accounting for uncertainties in energy consumption and grid
regulation demand. In addition, more nonlinear battery
degradation mechanisms and charging and charging power
could also be considered to better evaluate the long-term
impacts of V2G participation.
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