°Q’ OPENaACCESS ARTICLE

Journal homepage WWW, the innovation. org/energ){ usnT
Iy

Energy Use i L

INNOVATION

—PRESS — 'Engrgy Use 2 (2026):100050

Contents lists available at INNOVATION PRESS

Pricing-Driven Cooperative Mechanisms for Bidirectional Vehicle-to-
Building Charging: An Evolutionary Game Approach

Sijia Gao,'” Yifei Bai,>° Weirong Zhang,"* Chaofan Wang,' Qiang Dou,’ and Pengfei Jiang*

*Correspondence: zhangwr@bjut.edu.cn

Received: April 17, 2026; Accepted: June 11, 2026; Published Online: June 25, 2026; https://doi.org/10.59717/ipj.energy-use.2026.100050
© 2026 The Author(s). This is an open access article under the CC BY license (https://creativecommons.org/licenses/by/4.0/).

GRAPHICAL ABSTRACT

Prlclng -Driven Cooperatlve Mechanlsms for Bidirectional Vehicle- to-
BwldlngChargmg An Evolutlonary Game Approach

Key flndlngs

‘ ‘/ / //r\ D The evolutionary trajectory is influenced
‘ JH// ;/ by both initial strategies and key parameter |
0(0,0) BLO) 0(0.0) BU0)
f— PR values.
| A(O.l)%cu) A1y
\ D Case study results show that stable V2B
k] J Vo cooperation is achieved within a joint
LY s oo o SR . o ) )
@seamios ' [— ! feasible pricing region. The projected
Evolutionary stabilit anal sis
el . y 2 charging and discharging price ranges are
1.84 i / /
16 27075 / 1.1184-2.0003 and 0.4883-1.2930CNY/
f 1.4+ AL
| 7 == 2 12] m— (kW.h), respectively, but these ranges are
! 7 G T I ‘% ] S ©~(1.8333.0.9591 ), . . .
ey =i | ‘ ‘ (== = S o8] . not independent and must jointly satisfy
— W A e, e . the cooperation conditions of both EV
1 — U o’ d / /
—_—  — 2 7 ‘ users and OBMs.
ﬂ.ﬂ ﬂ.‘l Illd 0:6 0f8 110 IIZ Iil 116 |is 220 212 214 2.‘6 2:8 3.0
s q o Al Electric vehicle charging and
\_ ySISm Eynamics mude y € discharging electricity price p @ )

PUBLIC SUMMARY

= V2B can boost urban energy system flexibility, but prior research ignores strategic decisions of EV users and building
managers under price-based coordination.

m  This study integrates evolutionary game theory and system dynamics to explore pricing-driven V2B interactions and
cooperative strategy evolution.

® Price incentives and discharging profits drive cooperation; larger discharge volume and lower non-cooperation
losses speed up stable equilibrium.

m The case gives valid charging (1.3626—1.8333) and discharging (0.483—-0.9591) price ranges (CNY/(kW-h)) for stable
V2B operation.

= The results support V2B mechanism design and urban low-carbon energy management.
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With rapid growth of electric vehicles (EVs), vehicle-to-building (V2B) inter-
actions have emerged as a promising approach to enhance flexibility and
sustainability in urban energy systems. However, existing studies often
overlook the strategic decision-making processes of EV users and office
building managers under pricing-based coordination schemes, which may
limit the stability and effectiveness of cooperative V2B operation. To
address this gap, this study develops an integrated framework combining
evolutionary game theory and system dynamics to investigate pricing-
driven interactions between EV users and office building managers within
urban energy systems. A cost-benefit model is formulated for both parties
to analyse the evolution of cooperative strategies, and a case study is
conducted to identify EV charging and discharging price ranges conducive
to stable cooperation. The results indicate that electricity price incentives
and EV discharging profitability significantly promote cooperative
behaviour, while higher EV discharging volumes and lower unilateral non-
cooperation losses accelerate convergence to a stable cooperative equilib-
rium. A case study demonstrates that stable cooperation can be achieved
when EV charging and discharging prices range from 1.3626-1.8333 and
0.483-0.9591 CNY/(kW-h), respectively, in office building scenarios. These
findings provide a theoretical basis for facilitating effective interactions
between EVs and buildings in urban energy systems and offer practical
insights for designing pricing mechanisms that support sustainable urban
energy management and low-carbon transitions.

INTRODUCTION

Global electricity consumption has continued to rise alongside rapid
economic growth and accelerating urban electrification. However, the widen-
ing gap between peak and off-peak demand has further aggravated
supply—demand imbalances in power systems.' Electric vehicles(EVs), as
emerging flexible energy storage devices, are capable of storing electricity
during low-demand periods and discharging it to buildings during high-
demand periods, thereby balancing electricity loads” and offering an effective
means to mitigate supply—demand conflicts.

The proliferation of charging infrastructure has further strengthened the
coupling between EVs and buildings,” and their interactions are increasingly
recognized for their high flexibility potential. Unlike residential building
managers who typically treat EVs as part of system-level flexibility resources,
office building managers (OBMs) and EV users represent two strategic play-
ers. Issues such as battery degradation caused by frequent charging and

discharging, along with the high capital cost of infrastructure, often discour-
age both sides from engaging in active interaction®, thereby constraining the
full utilization of their flexibility potential. Consequently, it is necessary to
investigate the game-theoretic mechanism governing these interactions to
strengthen incentives for active participation.

To promote bidirectional interactions between EVs and office buildings,
further investigation from the perspective of stakeholders is required to
explore their interactions and strategic choices, and to identify the key factors
influencing strategy shifts. Evolutionary game models offer a versatile, multi-
disciplinary approach well suited for analyzing stakeholder behaviors.” Such
models have been effectively applied in various domains, including solar
energy utilization,” security inspections,” the development of prefabricated
buildings,” and shared charging facilities for public transportation.” Neverthe-
less, existing literature has paid limited attention to the strategic interactions
between EV users and OBMs.

To address this research gap, this study focuses on analyzing the costs
and benefits arising from the interactions between electric vehicle users and
an office building manager, with the aim of balancing the payoffs of both
parties. An evolutionary game model is developed to represent the cost-
benefit interactions between OBMs and EV users, enabling the identification
of evolutionary stable strategies (ESSs) and the key factors influencing strat-
egy evolution. In addition, a system dynamics model is constructed to exam-
ine how these factors affect the final strategy choices of both stakeholders.
A case study is conducted to determine the EV charging and discharging
price ranges that can satisfy the interests of both the OBM and EV users. The
main contributions of this study are as follows:

(1) OBMs and EV users are explicitly defined and modelled as the two play-
ers in a game for the first time, offering a detailed understanding of their
behavioral mechanisms and strategic interactions.

(2) The integration of evolutionary game theory (EGT) with system dynam-
ics provides a novel methodological approach for analyzing the complex
strategic interactions between OBMs and EV users.

(3) A case study illustrates the practical applicability of the evolutionary
game model, providing actionable insights and guidance for using charging
and discharging prices to steer and optimize EV-OBM interactions in real-
world scenarios.

MATERIALS AND METHODS
The interaction between EV and buildings
In recent years, with the rapid expansion of electric vehicle (EV) adoption,
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Figure 1. Decision tree for stakeholders

effects of policy measures on EV adoption.
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tion.” In addition, V2G technology enables bidi-
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In summary, although EGT has been widely
applied in both building energy management

vehicle-to-building (V2B) technology has attracted increasing attention for its
potential to enhance energy efficiency and reduce carbon emissions in both
building and transportation sectors. Existing studies have demonstrated that
V2B can effectively reduce grid dependency, optimize peak load manage-
ment, and improve renewable energy utilization. For example, Lo etal."
reported significant reductions in grid electricity demand and carbon emis-
sions through V2B strategies, while Chen et al."” and Jazizadeh et al.”® high-
lighted its benefits in improving photovoltaic utilization and reducing operat-
ing costs.

Further research has explored optimization and operational strategies for
EV-integrated building energy systems. Massat et al.”* developed a mixed-
integer linear programming model for office buildings with EVs and photo-
voltaic systems, focusing on energy cost and self-sufficiency, but without
explicitly modeling charging—discharging interaction mechanisms. Ding
et al.'” proposed an optimal scheduling model integrating EV charging uncer-
tainty with building systems, demonstrating enhanced flexibility and reduced
costs, yet without considering strategic interactions. Liu et al.' treated EVs
as energy storage devices in net-zero energy building frameworks, neglect-
ing the benefit relationships between EV users and buildings. Similarly, Amin
Mirjalili et al.'"” optimized EV charging costs under different solar configura-
tions, and Ahsan etal."” proposed a techno-economic electricity sharing
framework, but both lacked a detailed analysis of bidirectional interaction
mechanisms and cost-benefit structures between EV users and building
operators.

Overall, existing studies primarily focus on system optimization and opera-
tional performance, while the strategic interactions and incentive mecha-
nisms between EV users and OBMs remain insufficiently explored. In particu-
lar, the role of pricing in shaping cooperative behavior and enabling stable
bidirectional V2B interactions has not been systematically investigated.

EGT and its applications

Compared with classical game theory, EGT provides a dynamic frame-
work for strategic decision-making by incorporating bounded rationality and
emphasizing the evolution of strategies over time.'*” Because it captures
adaptive behavior more realistically, EGT is widely regarded as an important
advancement in game theory.” Smith et al.”’ first applied evolutionary game
models to biological evolution, using them to explain conflicts and behavioral
patterns driven by both individual and collective interests.

In recent years, EGT has been increasingly applied in building energy
management. Gao etal.”” proposed an evolutionary game approach to
analyze residential users' participation in integrated demand response, while
Wang etal”’ developed a dynamic model to study residential energy
consumption behavior. Ding etal* further demonstrated that EGT-based
strategies can significantly improve peak-valley load management in both
residential and commercial buildings.

EGT has also shown strong potential in the EV domain. Li etal.” Zhou
etal,”” and Hu etal.”” applied evolutionary game models to examine the

Net income

and EV-related studies, its application to V2B
interactions remains limited. In particular, the

strategic interactions and incentive mechanisms between EV users and
office building managers underpricing schemes have not been systemati-
cally investigated. To address this gap, this study employs an evolutionary
game framework to explore the bidirectional interaction mechanisms
between EV users and OBMs.

Problem statement

Game participants are modeled as boundedly rational agents who adapt
their strategies over time to maximize individual payoffs, eventually reaching
a dynamic equilibrium. In this study, an evolutionary game is developed
between two key stakeholders: EV users and OBMs. Their interaction is char-
acterized by conflicting objectives: OBMs aim to minimize the cost of acquir-
ing discharging resources to optimize building operation, while EV users seek
to maximize net benefits by balancing charging costs and battery degrada-
tion. This divergence makes stable cooperation difficult to achieve sponta-
neously.

In this framework, both EV users and OBMs can choose between coopera-
tion and non-cooperation strategies. For EV users, cooperation involves
charging from the building and discharging electricity back when battery
capacity allows, while non-cooperation implies charging only for self-
consumption. For OBMs, cooperation means both supplying electricity to EVs
and accepting discharged electricity, whereas non-cooperation involves only
providing charging services. Let x and y denote the probabilities that EV users
and OBMs choose cooperation, respectively, with x, y&[0,1]. The strategy
sets are shown in Table ST, and the parameter definitions are summarized in
Table S2.

Evolutionary game modeling

Payoff model. Based on the behavioral strategy analysis of EV users and
OBMs in Section 3.1, four possible strategy combinations can be constructed
for the game participants: (cooperation, cooperation), (cooperation, non-
cooperation), (non-cooperation, cooperation), and (non-cooperation, non-
cooperation), as illustrated in Figure 1.

The net payoffs of EV users and OBMs under different strategy combina-
tions are determined by charging costs, discharging revenues, battery degra-
dation, and infrastructure-related costs. Specifically, when both parties
choose cooperation, EV users obtain revenues from electricity discharging
while bearing charging and battery degradation costs. Meanwhile, OBMs
benefit from charging services and peak electricity substitution, but incur
discharging payments and infrastructure costs. When either party adopts a
non-cooperative strategy, the corresponding side loses the benefits associ-
ated with cooperation and may additionally suffer unilateral losses. Based on
the above cost-benefit structure, the net payoffs under all strategy combina-
tions are summarized in Tables S3 & S4

Replicator dynamics equation. The replicator dynamic equation has been
widely applied to describe the temporal evolution of stakeholders' strategy
adoption probabilities, thereby providing an effective tool to explain and
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Figure 2. System dynamics model of the evolutionary game between EV users and
the OBMs

predict the changing trends of group behavior. In this section, building upon
the previous analysis, we calculate the expected payoffs of each stakeholder
and construct the corresponding replicator dynamic equations.

For EV users, the expected payoff under the cooperative strategy can be
obtained by calculating the weighted sum of the payoffs associated with all
possible strategy combinations that include cooperation (Table S3), as
expressed in Equation (1). Similarly, the expected payoff under the non-coop-
erative strategy can be derived, as shown in Equation (2). The average
expected payoff of EV users is then represented as the weighted sum of the
expected payoffs corresponding to all available strategies, as formulated in
Equation (3).

E,=y[Qiry—Qcro — (Q: 4+ Q)G+ (1 —y)(—Q.r. — Q.C, — B,) M

E,=y(—Qr,—Q.C,)+ (1 -y)(—-Q.r.—Q.C,) (2)

E:XE\A +(1 *X)Evz (3)

For the OBMs, the expected payoffs under the cooperative and non-coop-
erative strategies are calculated by Equations (4) & (5), respectively. The
average expected payoff of the OBMs is given in Equation (6).

Egy =X[Quro + Qu(ry — ry) — Qury — (Q. +Qy) Se)

(1= %)(Qra— B.—Q.S,) @
Es, :X(Och,QCS;)+('| 7X)(Q°r5700813) (5)
E:yEsw+(1 7y)E52 (6)

According to the Malthusian equation,” the replicator dynamic equations
of EV users and the OBMs are given in Equations (7) & (8), respectively.

foy) = g =xEa —E)=x(1=x)[(rs;—C.)yQu+B,(y—1)] @)
dy —
g(x.y) =ar = Y(Ee — o) = y(1 =) [XQu(r, — 2y — Se)+
Bs(x—=1)+Q.(S; = Se+r.— )] (8)

When the replicator dynamic equations of both players are equal to zero,
the model reaches a stable state and the evolutionary process terminates.”’
At this point, five equilibrium points of the game system composed of EV
users and the OBMs can be identified: 0(0,0), A(Q,1), B(1,0), C(1,1), and
D(x,,y,)- The equilibrium point D satisfies Equations (9) & (10).

_ Be+Qu(Ss— S, 41— 1)

“= a8 +Bs ©

B,

Qy(ry—Cy)+B, (10)

Yo =

System dynamics modeling

OPEN 8ACCESS

System dynamics is used to capture the dynamic evolution of the game by
analyzing how parameter changes influence system outcomes. In this study,
evolutionary game theory is integrated with system dynamics to model the
interactions between OBMs and EV users. Based on the replicator dynamic
equations in previous section, a system dynamics model is developed in
Vensim. The model includes stock, flow, exogenous, and auxiliary variables,
as summarized in Table Sb5. Specifically, the stock variables represent the
probabilities of adopting cooperative and non-cooperative strategies, while
the flow variables describe their rates of change. Exogenous variables are
externally specified inputs, and auxiliary variables represent the expected
payoffs under different strategies. The overall model structure is illustrated in
Figure 2.

RESULTS AND DISCUSSION
Evolutionary stability analysis

The equilibrium points calculated from the replicator dynamic equations of
EV users and the OBMs do not necessarily correspond to the ESS of the
game system. Therefore, a further analysis is required to identify the ESS. A
commonly adopted method for this purpose is the Jacobian matrix approach
proposed by Friedman.”’

By taking partial derivatives with respect to f(x,y)and g(x,y), the Jaco-
bian matrix of the game system between EV users and the OBMs can be
obtained.

df - df
_|dx dy _|an an
AR i
dx dy
df
ax an=(1-2X)ly(rs — C,) Qs + B,(y-1)] (12)
I o =X(1X)[s— )0+ B (13)
dy_ 127 d b d v
dg
v an=y(1-y)l(r, — 2r;— S5)Qy+ By (14)
99 _ o =(1-29)X(r, — 27, — S5)Q + Bo(x—1) + Q.(S, — Sub 1 —1)]  (15)

dy

An equilibrium point obtained from the replicator dynamic equations can
be considered a stable strategy of the system only if it satisfies both Det(J)>0
and Tr(J)<0 Therefore, by analyzing the signs of Det(J) and Tr(J) of the Jaco-
bian matrix, the stability of the equilibrium points can be assessed to deter-
mine whether they constitute evolutionarily stable strategies. The computa-
tion of Det(J) and Tr(J) is presented in Equations (16) & (17).

Det(J)=ay,a,, —apay (16)

Tr(J)=a,+ay a7

This study considers four scenarios, as summarized in Table S6. Table S7
and supplemental information present the results of the stability analysis of
the equilibrium points under these scenarios. In the first three scenarios, the
EV users and the OBMs find through the game that the benefits of coopera-
tion are smaller than those of non-cooperation. Consequently, the strategy
pair (non-cooperation, non-cooperation) emerges as the stable evolutionary
strategy for both parties. In Scenario 4, however, the ESS of the game system
composed of EV users and the OBMs are both (cooperation, cooperation)
and (non-cooperation, non-cooperation). Moreover, the choice between these
two ESSs depends on the initial strategy selection of cooperation by both
parties at the start of the game.

The phase diagram of the co-evolutionary dynamics between EV users
and the office building system under four scenarios is shown in Figure 3.
Only Scenario 4 allows the strategy pair (cooperation, cooperation) to emerge
as a potential evolutionary stable strategy, while in the other scenarios the
system converges to non-cooperation. In Scenario 4, the final outcome
depends on the initial state. If the initial state lies within the cooperative
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Figure 3. Schematic diagram of the synergistic evolution phase of the interactive system composed of electric vehicles and office buildings in four scenarios

region (ADBCA), the system evolves toward mutual cooperation; otherwise, it
converges to non-cooperation. The likelihood of cooperation increases as the
size of region ADBCA expands relative to the non-cooperative region. The
size of region ADBCA is determined by system parameters, indicating that
parameter changes directly influence the evolution of interaction outcomes.
The analytical expression for the area of region ADBCA is provided in Equa-
tion (18).

Xyt
SADBCA = -I - 2)/d
[0, = 2, S) = QS =S, +r—r) . Qr-C) 118
2 Qu(ry—2ry—Ss)+Bs Qq4(ry—Cy) +B,

For the sake of subsequent analysis, let a=r,—2r,—S;,
b=S;—S,+r.—r,, c=r,—C,. Then, Equation (18) can be simplified as
Equation (19). Partial derivatives with respect to a, b, ¢, Q,, Q,, B., B,are
calculated, and the results are summarized in Table S8. Under the assump-
tions of Scenario 4, (r, — 2r, — S¢)Q, — Q.(Ss-S;) > 0 and (r, — C,)Q, > 0, and
considering that the cost of bidirectional charging stations is generally higher
than that of unidirectional charging stations and that the charging price under
cooperation is lower than that under non-cooperation(b>0), it follows that a,
b, c are all greater than zero.

_ an — ch CQd

f= g T P e
bQ,+B; = cQ,+8B,

(18)

The influence of different initial strategies on the stability of equilibrium
points

To further investigate whether the initial strategies of the two players influ-
ence the final stable outcomes of the game, the initial strategies were cate-
gorized as follows: EV users adopt either a high-probability cooperation
strategy(x=0.99) or a low-probability cooperation strategy(x=0.01), and the
OBMs adopt either a high-probability cooperation strategy(x=0.99) or a low-
probability cooperation strategy(x=0.01). Consequently, the game system
composed of EV users and the OBMs has four initial strategy combinations:
(a) High-probability cooperation, Low-probability cooperation; (b) High-prob-
ability cooperation, High-probability cooperation; (c) Low-probability cooper-
ation, Low-probability cooperation; and (d) Low-probability cooperation, High-
probability cooperation. Simulations of these four initial strategy combina-
tions were conducted under Scenarios 1 to 4, with the scenario-specific
parameter settings summarized in Table S9.

Figure 4 presents the simulation results for Scenario 4. When the OBMs
adopt a high-probability cooperation strategy, the payoff from cooperation
exceeds that from non-cooperation, leading both players to gradually
converge toward cooperation and resulting in a stable strategy of (coopera-
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Figure 4. Simulation results of EV users and OBMs in Scenario 4 under different combinations of cooperation probabilities

tion, cooperation). In the other initial strategy combinations, non-cooperation
yields higher payoffs, and the system evolves toward (non-cooperation, non-
cooperation). These results are consistent with the stability analysis in
Section 4.1, while results for other scenarios are provided in supplemental
information.

The influence of different initial parameters on the evolutionarily stable
strategy

Based on the previous analysis, Scenario 4 is the only case where the ESS
corresponds to mutual cooperation between OBMs and EV users. The key
parameters (a, b, ¢, Q,, Q,, Bs, and B,) all influence the resulting ESS. There-
fore, this section examines the effects of different initial parameter values on
the evolution of cooperation under Scenario 4. The baseline parameter
settings are given in Table S10, with initial values of x and y set to 0.5.

Figure 5A-G illustrates the impacts of key parameters on the evolution of
cooperation probabilities between EV users and OBMs. As shown in
Figure 5A, C & D, parameters associated with cooperative incentives, includ-
ing a, ¢, and Q,, significantly promote cooperation. Increasing these parame-
ters enhances the relative payoff of cooperative strategies, thereby accelerat-
ing convergence toward a stable cooperative equilibrium. However, when
these parameters are sufficiently reduced, cooperation becomes less attrac-
tive, and the system may evolve toward a non-cooperative equilibrium. In
contrast, cost-related parameters such as b and Q., as shown in Figure 5B &
E tend to weaken cooperative incentives. Moderate variations in these
parameters have limited influence on the final equilibrium, while excessive
increases significantly reduce the payoff of cooperation, leading both players
to shift toward non-cooperation. As illustrated in Figure 5F & G, the parame-
ters B; and B,, representing losses caused by unilateral non-cooperation,
play a critical role in determining strategy stability. Lower loss levels promote
cooperation by reducing associated risks, whereas higher losses discourage
cooperation and may drive the system toward a non-cooperative equilibrium.
Overall, parameters that enhance cooperative benefits or reduce associated
risks facilitate convergence to stable cooperation, whereas those that
increase costs or unilateral losses hinder cooperation and may result in non-

cooperative outcomes.

Case study

The evolutionary game model is applied in a case study to examine its
practical implementation and guide charging price design for interactions
between EV users and OBMs. The peak electricity price for office buildings in
Beijing is set at 1.2930 CNY/(kW-h). A 20 kW unidirectional DC charging
station (8,600 CNY, 10-year lifetime) yields a unit cost of 0.0098 CNY/(kW-h)
assuming 12 h daily operation, while a bidirectional station (12,000 CNY)
corresponds  to 0.0137 CNY/(kW-h). The EV discharging price is
0.3125 CNY/(kW-h). Field surveys of 15 nearby stations show an average non-
cooperative charging price of 1.517 CNY/(kW-h), with a maximum of
2.1 CNY/(kw-h). EV charging and discharging volumes are set at 40 and
20 kW-h, respectively. These parameters support realistic simulation of
evolutionary interactions and pricing effects on cooperation.

In Scenario 4, at the stable strategy point C, both EV users and the OBMs
adopt the cooperative strategy. To satisfy the interests of both parties and
establish a stable interactive relationship, the following conditions must be
met: the payoffs obtained from participating in cooperation should exceed
those from non-cooperation. For EV users, they can obtain positive payoffs
only if the condition in Equation (20) is satisfied. Similarly, for the office build-
ing, positive payoffs are achieved only when the condition in Equation (21) is
satisfied.

Qury— Q.1 *(Oc+od)cb > —Q.r.—Q.C, (-I 9)

Qurey +Qs(ry = 15) = Qory — (Q: +Qy)Ss > Qor. — Q.S (20)

By solving Equations (20) & (21), the relationship between the EV discharge
price r, and the EV charging price r,; during interaction can be obtained.
Substituting the relevant data yields 2r, —2.7075 <r, <r, —0.87425, as
shown in Figure 6. Here, r,; and r,, represent two lines that satisfy the inter-
action requirements of EV users and the OBMs. Specifically, r,, corresponds
to the peak electricity price, and r,, represents the EV charging price in the

6 Energy Use 2(2): 100050, June 20, 2026

www.the-innovation.org/energy-use



OPEN aACCESS

1.0F 1o
x:b xXic
" X yv:b yie
0.8 i yia 0.8 x:1.5b x:1.5¢
1::.ia ----- y:1.5b -meeoyilSe
& S/ y:L5a . : x:2b = 2
z s wa |Gl N | v | £ i
a2 = e yila Z = x:25b s b
g ; : £ /L5
£ \ x:/L§ £ 3 7 y:25h E 3
o i yaLs | & 041 x:b/15 ¥ie/L§
x:a/2 y:h/L.5 x:¢/2
T yia/2 02 7 T R s yie2
----- yibi2 x:/7
o messnayoelT
0.0 0.0+
L] 500 1000 1500 2000 2500 o 500 1000 1500 2000 2500 2000 2500
Time Time
@a ®b
Qe
x:Qq ¥iQe x:Bg
¥:Qq x1.5Q, viBg
—xl5Qq | V0 | | e y:1.5Q¢ x:1.5B;
z ----- y:1.5Qg B x:2Q, z ------yil5Bg
2 @O [ F P N e e ¥2Q | § x:2B,,
= ~esee yi20g S =200 | B2 R 0 o vi2Bg
5 Qs | o0\ 1 T e ¥:20Q¢ x:By/L5
y:Qg/1.5 Q1.5 v:B /1.5
—x:Qq/2 ¥iQe/L.S x:Bg2
- Qg2 Q2 | LN N e y:B2
= EEmw ¥iQe/2
[} 500 1000 15‘[]0 2000 2500 0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500
Time Time Time
(d)Qq (©Q. (H Bg
x:By
v:By
x:1.5By
—¥:1.5By
£ x:2By
2 W -l S ¥i2By
=
5 x:4By
Moaa\y A S yidBy
" ' x:By/1.5
viBy/1.5
x:By/2
--==-yiBy/2
0 500 1000 1500 2000 2500
Time
(2) By

Figure 5. Impact of key parameters on cooperation probability between EV users and OBMs

residential area. In this study, the EV discharge price in the office area is set
higher than the charging price in the residential area, making it more attrac-
tive for EV users to participate in the interaction.

Q.C,—Q.(r.—r2) r < Qy(r,—Ss) —Q.(r.—r) —Q.(S¢ — S;)
d

Q, 2Q @n

> Q,C, — Qc(rc - rcl)
Qq
represents the conditions under

In Figure 6, the region satisfying both r, and

My < Qd(rg - SG) - Qc(rc - rcw) - QC(SG’SE)

which both EV userszacrlﬁj the OBMs can obtain positive payoffs from interac-
tion. In this region, both parties ultimately choose the cooperative strategy,
i.e., (cooperation, cooperation). Conversely, in other regions, they will eventu-
ally adopt the non-cooperative strategy (non-cooperation, non-cooperation).
Therefore, to achieve a mutually beneficial interaction, the EV charging price
in the office area, r.,, should lie within the range of 1.3626-1.8333
CNY/(kW-h), and the EV discharge price in the office area, r,, should be within
0.4883-0.9591 CNY/(kW-h).

CONCLUSIONS
This study establishes an evolutionary game model between EV users and

OBMs, combined with a system dynamics approach, to analyze the key
factors influencing cooperation between the two parties. The results indicate
that the evolutionary trajectory of the model is not only significantly affected
by the initial strategies of the participants but also closely related to the
values of relevant factors. The impact of these factors on the final strategy
choices of both parties exhibits a nonlinear and gradual pattern. The main
findings are summarized as follows:

(1) Electricity price signals play a decisive role in shaping cooperative
behavior. Larger differentials between peak electricity prices, EV discharging
prices, and building procurement costs significantly enhance cooperation
and accelerate convergence to a stable cooperative equilibrium, especially
when discharging prices exceed battery degradation costs.

(2) Infrastructure and operational cost differences have a limited impact on
final strategy choices when their variation is small, indicating that pricing
signals dominate behavioral outcomes.

(3) EV charging and discharging volumes significantly influence coopera-
tion dynamics. Higher discharging volumes strengthen cooperation incen-
tives and accelerate convergence, while lower charging demand increases
cooperation willingness but has a weaker effect on convergence speed.

(4) The potential loss from unilateral non-cooperation is a key determinant
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Figure 6. The relationship between EV discharging electricity price and charging electricity price in the interaction between EV users and OBMs

of strategy evolution. Lower losses for the cooperating party lead to higher
expected payoffs and stronger incentives for mutual cooperation.

(5) Case study results show that, in a typical office building scenario in
Beijing, stable cooperation can be achieved when EV charging prices range
from 1.3626 to 1.8333 CNY/(kW-h) and the discharging price ranges from
0.4883 t0 0.9591 CNY/(KW-h).

The present study has several limitations: the strategies of the OBMs are
simplified to only two options: cooperation and non-cooperation. Future
research should consider a wider range of strategies, such as different
charging service plans (e.g., high-price fast charging versus low-price slow
charging); we assume that all stakeholders are risk-neutral; future studies
should incorporate heterogeneous risk preferences among different groups.;
the current model lacks dynamic parameter design. Future work should
account for the temporal variation of key variables, such as time-of-use elec-
tricity pricing for EV charging and discharging.
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