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Abstract 

This paper proposes a stochastic evolutionary game model for electric vehicle (EV) 
charging and discharging strategy selection based on an improved replicator dynamic 
equation. Firstly, a three-strategy game model for EV groups is established, considering 
charging strategy, discharging strategy, and neither-charging-nor-discharging strategy. 
Secondly, the traditional replicator dynamic equation is improved by introducing 
strategy influence factors and incentive coefficients to characterize the interdependence 
among different strategies. Furthermore, Gaussian white noise is incorporated into the 
evolutionary process to quantify the random disturbances caused by uncertain external 
factors such as weather changes and traffic conditions. The stability of the stochastic 
differential equations is analyzed using the moment exponential stability criterion. 
Finally, simulation results demonstrate that: (1) the introduction of incentive 
coefficients effectively captures the mutual influence among EV strategies; (2) larger 
incentive coefficients lead to faster convergence of the evolutionary game; (3) random 
disturbances introduce significant fluctuations in the strategy selection process, and 
stronger disturbances slow down the convergence speed. The proposed model provides 
theoretical support for formulating rational scheduling measures for electric vehicle 
grid integration under different scenarios. 
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1. Introduction 

With the rapid development of new energy technologies and the increasing global emphasis on 
environmental protection, electric vehicles (EVs) have become an important component of 
modern transportation systems. The large-scale integration of EVs into power grids presents 
both opportunities and challenges for grid operation and management [1]. On one hand, EVs 
can serve as mobile energy storage units, providing grid support through vehicle-to-grid (V2G) 
technology; on the other hand, uncoordinated charging behaviors may cause significant load 
fluctuations and power quality issues [2]. Therefore, understanding and guiding EV users' 
charging and discharging behaviors has become a critical research topic in the field of smart 
grid. 

Evolutionary game theory provides an effective framework for analyzing the dynamic decision-
making processes of large populations under bounded rationality [3]. In recent years, 
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evolutionary game models have been widely applied to study EV charging strategies. However, 
most existing studies employ traditional replicator dynamic equations that assume individuals 
make decisions independently, neglecting the interdependence among different strategies in 
real-world scenarios [4]. In practice, the strategy choices of EV users are mutually influential: 
when more users choose to charge, grid load increases and electricity prices rise, which in turn 
affects the economic attractiveness of the charging strategy and prompts some users to switch 
to discharging or idle strategies. Moreover, the external environment introduces significant 
uncertainties into EV users' decision-making processes. Sudden weather changes, unexpected 
traffic congestion, and emergency events can alter users' travel plans and energy demands, 
leading to random fluctuations in strategy evolution [5]. Traditional deterministic evolutionary 
game models fail to capture these stochastic disturbances, resulting in incomplete descriptions 
of the actual evolution process.  

To address these limitations, this paper makes the following contributions: (1) We establish a 
three-strategy game model for EV groups, incorporating charging costs, discharging benefits, 
and battery degradation factors; (2) We improve the traditional replicator dynamic equation 
by introducing strategy influence factors and incentive coefficients to characterize the 
interdependence among strategies; (3) We incorporate Gaussian white noise into the 
evolutionary process to model random disturbances from uncertain external factors; (4) We 
analyze the stability conditions of the stochastic differential equations and validate the 
theoretical results through comprehensive simulations. 

2. Model Establishment 

2.1. Basic Assumptions and Game Model 

To facilitate the analysis, we establish the following assumptions for the EV group charging and 
discharging strategy selection problem. The EV group consists of N electric vehicles. The 
strategy set for each EV is S = {charging strategy, discharging strategy, neither-charging-nor-
discharging strategy}. The initial numbers of users selecting the three strategies are denoted as 
x1, x2, and x3, respectively, satisfying x1 + x2 + x3 = N. All EVs in the group are homogeneous, 
sharing identical battery technology, charging/discharging efficiency, and cost-benefit sharing 
coefficients. The game interactions occur only between pairs of EVs. The probabilities of 
selecting charging, discharging, and neither-charging-nor-discharging strategies are p1, p2, and 
p3, respectively, with p1 + p2 + p3 = 1. When both parties choose charging, EVs mainly consider 
charging costs; when both choose discharging, they focus on discharging benefits; when neither 
charges nor discharges, both costs and benefits are zero. When one charges and the other 
discharges, the price fluctuation is negligible, and no additional benefits or costs are considered. 

When an EV selects the charging strategy, its charging cost Cc is determined by the electricity 
price and charging quantity. When selecting the discharging strategy, its discharging benefit Bd 
is determined by the feed-in tariff and discharging quantity [6]. If all EVs choose charging or 
discharging simultaneously, excessive charging/discharging causes grid load imbalance, 
prompting the grid to adjust electricity prices and generating additional benefits or costs for 
EVs. These benefits are denoted as Bc and Bd, respectively, with over-charging/discharging 
benefit sharing coefficients alpha and beta satisfying 0 < alpha, beta < 1. The payoff matrix for 
the three-strategy game model is shown in Table 1. 

Table 1 Payoff matrix of the three-strategy game for EVs 

 

Electric Vehicle 1 

Charging (𝛼1) Discharge (𝛼2) 
Not charging or 
discharging(𝛼3) 

Charging (𝛼1) 𝑎1 = 𝑅𝑒𝑣 −𝛼𝐸𝑐 𝑏1 = 𝑅𝑒𝑣  𝑐1 = 𝑅𝑒𝑣 −𝐸𝑐  
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Electric 
Vehicle 2 

𝑎2 = 𝑅𝑒𝑣 − 𝛼𝐸𝑐  𝑏2 = 𝐸𝑒𝑣 𝑐2 = 0 

Discharge (𝛼2) 
𝑑1 = 𝐸𝑒𝑣  

𝑑2 = 𝑅𝑒𝑣 

𝑒1 = 𝐸𝑒𝑣 +𝛽𝐸𝑑  

𝑒2 = 𝐸𝑒𝑣 + 𝛽𝐸𝑑  

𝑓1 = 𝐸𝑒𝑣 + 𝐸𝑑  

𝑓2 = 0 

Not charging or 
discharging (𝛼3) 

𝑔1 = 0 

𝑔2 = 𝑅𝑒𝑣 − 𝐸𝑐 

ℎ1 = 0 

ℎ2 = 𝐸𝑒𝑣 + 𝐸𝑑  

𝑖1 = 0 

𝑖2 = 0 

 

In Table 1, 𝑅𝑒𝑣and 𝐸𝑒𝑣represent the cost and benefit incurred by an electric vehicle (EV) when 
it chooses the charging or discharging strategy, respectively. These are defined as follows: 

{
𝐸𝑒𝑣 = (𝑄𝑑 ⋅ 𝑟𝑑 −𝑄𝑑 ⋅ 𝐾𝑏) ⋅ 𝜌

𝑑

𝑅𝑒𝑣 =
(𝑄𝑐⋅𝑟𝑐+𝑄𝑐⋅𝐾𝑏)

𝜌𝑐

                                   (1) 

where 𝜌𝑑and 𝜌𝑐are the discharging and charging efficiencies, respectively, typically taken as 
90%.𝐾𝑏denotes the unit energy loss of the EV battery, expressed as: 

𝐾𝑏 =
𝑅𝑥

𝐿𝑐⋅𝐶
𝑖,𝐸𝑉⋅𝐷𝑜𝐷

                                        (2) 

Here: 

𝑅𝑥is the cost of a single new battery; 

𝐿𝑐is the average battery life (in number of cycles) under conventional usage conditions at a 
given depth of discharge; 

𝐶𝑖,𝐸𝑉is the battery capacity of EV 𝑖; 

𝐷𝑜𝐷is the depth of discharge used in normal operation. 

The quantities 𝑄𝑐and 𝑄𝑑represent the charging and discharging electricity amounts when EVs 
participate in the charging and discharging processes, respectively, and are given by: 

{
𝑄𝑐 =∑ 𝐶𝐸𝑉

𝑛

𝑖=1
⋅ 𝑆𝑂𝐶𝑖 ⋅ 𝑓𝑖

𝑐 ⋅ 𝜂𝑖
𝑐

𝑄𝑑 = ∑ 𝐶𝐸𝑉
𝑛

𝑖=1
⋅ (1−𝑆𝑂𝐶𝑖) ⋅ 𝑓𝑖

𝑑 ⋅ 𝜂𝑖
𝑑

                         (3) 

where 𝐶𝐸𝑉is the battery capacity of the EV, and 𝑆𝑂𝐶𝑖is the state of charge of EV 𝑖, which ranges 

from 20% to 90% to meet travel demands.The terms 𝑓𝑖
𝑐, 𝑓𝑖

𝑑, 𝜂𝑖
𝑐, 𝜂𝑖

𝑑denote the probability of EV 
response to electricity price and the probability of response to remaining charging/discharging 
time, respectively. Based on the literature, the influence of electricity price and dwell time on 
the response probability of EV charging and discharging can be determined [7]. 

Based on the above assumptions and the payoff structure in Table 1, the expected payoffs for 
the three strategies are obtained as follows. When an EV selects the charging strategy (S1), the 
expected payoff is: 

)()( cevevcev ERzyRERx

zcybxaU

−++−=

++=



1111
                                     (4) 

When selecting the discharging strategy (S2), the expected payoff is: 

                                              
)()( devdevev EEzEEyxE

zfyexdU

++++=

++=



1112
                                    (5) 

When selecting the neither-charging-nor-discharging strategy (S3), the expected payoff is: 

0

1113

=

++= ziyhxgU                                                        (6) 

Consequently, the average payoff of the EV group under the three-strategy selection is: 
𝑈 = [𝑥𝑈1 + 𝑦𝑈2 + (1 − 𝑥 − 𝑦)𝑈3]                               (7) 
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2.2. Evolutionary Dynamics of EV Strategies with Influence Factors 

In general, the evolutionary outcome of strategies in an electric vehicle (EV) population results 
from strategic interactions among individual EVs. The direction of strategy evolution depends 
on the choices made by each EV, which are primarily influenced by travel demand and economic 
benefits. In practice, an EV's strategy selection is also affected by the choices of other 
individuals. Specifically, each EV user can choose among three strategies: charging, discharging, 
or neither charging nor discharging. 

In the initial stage of electricity pricing set by the grid, the price is typically low to meet the 
needs of various users. Consequently, most EV users prefer the charging strategy. However, as 
the demand for charging increases, grid power imbalance occurs. The grid then adjusts 
electricity prices to guide EV charging and discharging behavior. In response to price 
adjustments, EVs adjust their strategies while considering their own travel needs. Therefore, 
the internal distribution of strategies within the EV population influences individual strategy 
choices, and interdependencies exist among the strategies [8-9]. This section improves upon 
the classical replicator dynamic equation to capture the influence relationships among 
strategies. 

Based on the evolutionary game model of EV strategy selection established in Section 1, let the 
number of EVs choosing the charging strategy be 𝑛1, those choosing the discharging strategy 
be 𝑛2, and those choosing neither be 𝑛3. Then: 

𝑛1 + 𝑛2 + 𝑛3 = 𝑛                                                          (8) 

As the strategy selection process evolves, the numbers of EVs adopting each strategy change 
over time, and eventually a dominant strategy evolves into a stable evolutionary strategy. Since 
payoff is a key driver of strategy updating, the rate of change 𝑛̇𝑖in the number of EVs adopting 
strategy 𝑖 is positively correlated with both the current number 𝑛𝑖and the fitness (expected 
payoff) 𝑈𝑖of that strategy: 

𝑛̇𝑖 ∝ 𝑛𝑖 ⋅ 𝑈𝑖                                                              (9) 

To describe the influence among different strategies during the selection process, a strategy 
influence factor 𝜂𝑖 is introduced. This factor represents the influence of strategy 𝑖 , which is 
proportional to its payoff and determined by the intrinsic properties of the 
charging/discharging strategy. A larger 𝜂𝑖indicates a higher payoff from strategy 𝑖 , implying 
that strategy 𝑖exerts a stronger influence on other strategies, and users are more inclined to 
choose it.Differentiating equation (8) yields the replicator dynamic equation for the charging 
strategy: 

𝑛̇1 = 𝑛1(𝑈1 − 𝑈̄)(extended form)                                            (10) 

Similarly, the replicator dynamic equations for the other two strategies are: 
𝑛̇2 = 𝑛2(𝑈2 − 𝑈̄), 𝑛̇3 = 𝑛3(𝑈3 − 𝑈̄)                                     (11) 

 When 𝜂1 = 𝜂2 = 𝜂3 = 1, equations (10) and (11) reduce to the classical replicator dynamics. 

Define: 

𝜆21 =
𝜂2

𝜂1
, 𝜆31 =

𝜂3

𝜂1
, 𝜆32 =

𝜂3

𝜂2
                                                                 (12) 

where 𝜆21is the incentive coefficient between charging and discharging strategies. If 𝜆21 > 1, 
the payoff from discharging exceeds that from charging, meaning discharging becomes the 
dominant and eventually stable strategy.𝜆31is the incentive coefficient between charging and 
the "neither" strategy. If 𝜆31 > 1 , considering both charging/discharging benefits and the 
benefits from vehicle operation, the "neither" strategy yields higher payoff than charging, 
making it dominant. 

Thus, the improved replicator dynamic equations for the three strategies are: 
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{

𝑥̇ = 𝑥(𝑈1 − 𝑈̄) ⋅ 𝑓(𝜆21, 𝜆31)

𝑦̇ = 𝑦(𝑈2 − 𝑈̄) ⋅ 𝑓(𝜆12, 𝜆32)

𝑧̇ = 𝑧(𝑈3 − 𝑈̄) ⋅ 𝑓(𝜆13, 𝜆23)

                                                 (13) 

The differential equation system (12) describes the evolutionary process of EV strategy 
selection, accounting for the influence of each strategy and the incentive relationships among 
them. Under initial proportions of each strategy, the fractions of EVs choosing different 
strategies change over time and eventually evolve to a stable state. By setting 𝐹(𝑥) = 0, 𝐹(𝑦) =
0, 𝐹(𝑧) = 0and solving the improved replicator dynamic equations (13), the equilibrium points 
of the evolutionary game can be obtained, enabling analysis and prediction of strategy selection 
in the EV population. 

2.3. Stochastic Evolutionary Game Process 

The improved replicator dynamic equations can describe the deviations in strategy selection 
caused by the influence of strategies on user decision-making and the interdependencies 
among strategies. However, real-world scenarios are more complex and also require 
consideration of various external factors that affect individual decisions [10-11]. During the 
strategy selection process, individuals may possess different levels of information or may be 
subject to unexpected external disturbances, which can influence their choices and lead to 
stochastic mutations in the evolutionary process. 

Therefore, in the context of EV charging and discharging strategy selection, the social 
environment may give rise to many random events that impact users' decision-making 
processes. For example: Sudden weather changes may alter an EV user's travel plans, 
prompting a re-evaluation of charging or discharging behavior based on updated travel needs. 
Uncertainty in traffic conditions and unexpected traffic events may change road congestion 
levels, thereby reducing the driving range of EVs and ultimately affecting users' charging or 
discharging decisions. Numerous stochastic events can introduce random disturbances to the 
collective behavior of EV populations, leading to random mutations in the evolutionary process. 
Moreover, these random disturbances are often difficult to quantify. Consequently, it is 
necessary to account for the impact of stochastic factors on users' strategy selection during the 
evolutionary process. 

To better describe the random disturbances introduced by uncertain factors into the 
evolutionary game process, based on stochastic analysis theory, Gaussian white noise is 
introduced into the game model to capture the disturbances caused by various uncertain 
factors. The combined effect of these stochastic factors is quantified as a random disturbance 
intensity 𝜎, which is a positive constant. A larger 𝜎indicates a greater influence of these factors, 
while a smaller 𝜎 indicates a weaker influence. When 𝜎 = 0 , the aforementioned stochastic 
factors are neglected. 

Thus, equation (14) is modified as follows: 

{

𝑑𝑥 = 𝑥(𝑈1 − 𝑈̄)𝑑𝑡 + 𝜎𝑥 𝑑𝑊𝑡

𝑑𝑦 = 𝑦(𝑈2 − 𝑈̄)𝑑𝑡 + 𝜎𝑦 𝑑𝑊𝑡

𝑑𝑧 = 𝑧(𝑈3 − 𝑈̄)𝑑𝑡 + 𝜎𝑧 𝑑𝑊𝑡

                                     (14) 

where 𝑑𝑊𝑡 represents Gaussian white noise, and 𝑊𝑡 follows a standard one-dimensional 
Brownian motion. This formulation effectively captures the influence of stochastic disturbance 
factors on collective game behavior. When the step size satisfies certain conditions, 𝑑𝑊𝑡 ∼
𝒩(0, 𝑑𝑡). The improved system is a three-dimensional stochastic differential equation that 
describes the evolutionary replicator dynamics of the EV population under random 
disturbances. 
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3. Simulation Analysis 

To verify the effectiveness of the proposed model, comprehensive simulation experiments are 
conducted under different scenarios. The simulation parameters are set as follows: total EV 
number N = 1000, battery capacity C= 60 kWh, charging efficiency c = 0.9, discharging efficiency 
d = 0.9, battery cost Cbat = 50000 RMB, battery cycle life L = 2000 cycles, depth of discharge DOD 
= 0.8, electricity price pc = 0.6 RMB/kWh, feed-in tariff pd = 0.8 RMB/kWh, SOC range [0.2, 0.9]. 

3.1. Scenario 1: Low Economic Sensitivity 

First, the premise for EVs participating in grid dispatch is satisfying their own travel demands. 
Some users have very low sensitivity to economic benefits, and more users select 
charging/discharging behaviors based on whether the current SOC meets the next travel 
demand. At this time, the economic benefits from different strategy choices have limited impact 
on these users. Without considering additional influences from other users, the three strategies 
have identical influence factors, i.e., gamma_1 = gamma_2 = gamma_3 = 1. This corresponds to 
the traditional replicator dynamic equation. The evolutionary trend of EV strategy selection is 
shown in Fig. 1. 

 
Fig. 1 Evolutionary trend without inter-strategy incentive relationships 

When users have low sensitivity to charging/discharging benefits, under the given initial 
conditions, although discharging benefits exceed charging costs, users select 
charging/discharging strategies based on travel demands. At this time, the proportion of users 
selecting the charging strategy exceeds that of the discharging strategy. For the neither-
charging-nor-discharging strategy, considering users' low sensitivity to this strategy, the 
selection proportion does not exhibit significant fluctuations during evolution but maintains 
the initial selection probability until evolution ends. From the evolutionary results, the charging 
strategy dominates over the other two strategies, and the discharging strategy eventually 
evolves to zero. 

3.2. Scenario 2: High Economic Sensitivity 

(1) Case 1: Charging strategy dominance 

Considering users with high sensitivity to economic benefits, users combine their travel 
demands with charging/discharging economic benefits, resulting in different strategy 
influences among different users. In the initial stage of grid pricing, electricity prices are 
relatively low to meet various user demands. At this time, EVs considering their own needs and 
charging/discharging cost-benefits lead to increased users selecting the charging strategy. 
Thus, the charging strategy exerts greater influence on user decisions, i.e., gamma_1 > gamma_2 > 
gamma_3. Taking lambda_12 = 2.0, lambda_13 = 3.0, the evolutionary trend of EV strategy 
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selection is shown in Fig. 2. The final evolutionary result shows that the charging strategy 
dominates over the other two strategies, and users tend to select the charging strategy. After 
reaching stability, the proportion of users selecting the charging strategy is larger than that 
without considering inter-strategy incentive relationships. 

 
Fig. 2 Evolutionary trend when lambda_12 = 2.0 

 (2) Case 2: Discharging strategy influence increase 

As the number of EVs selecting charging gradually increases, power deficits occur on the grid 
side. To maintain power balance, the grid raises electricity prices to dispatch EVs. As electricity 
prices increase, charging costs gradually rise while discharging benefits also increase. Thus, the 
discharging strategy exerts greater influence on user decisions, i.e., gamma_2 > gamma_1 > 
gamma_3. Taking lambda_12 = 0.5, the evolutionary trend of EV strategy selection is shown in 
Fig. 3. The final evolutionary result shows that the charging strategy still dominates over the 
other two strategies, and users tend to select the charging strategy. 

 
Fig. 3 Evolutionary trend when lambda_12 = 0.5 

Finally, to analyze the influence of incentive factors on convergence speed, taking the charging 
strategy dominance as an example, different incentive coefficients are set to compare their 
effects on strategy game convergence speed. Taking lambda_12 = 3.3, lambda_13 = 4.0, the 
charging strategy's influence is stronger compared to Case 1. The evolutionary trends under 
different incentive coefficients are shown in Fig. 4. 
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Fig. 4 Evolutionary trends under different incentive coefficients 

Compared with Scenario 1, when the incentive coefficient of the charging strategy relative to 
the discharging strategy increases from 2.0 to 3.3, the evolutionary trend shows that EVs' 
selection of the charging strategy increases with higher incentive coefficients. This indicates 
that larger incentive coefficients lead to stronger inter-strategy relationships and higher user 
preference for the corresponding strategy. Furthermore, from the convergence speed 
perspective, larger incentive coefficients result in faster game convergence. 

Based on the above scenario analysis results, the following conclusions can be drawn regarding 
the interdependence of charging/discharging strategies within the EV group: (1) Strategies 
with stronger influence effects eventually evolve into stable strategies; (2) The introduction of 
incentive relationships affects the convergence speed of evolutionary game equilibrium 
strategies, with stronger influence leading to faster convergence; (3) Random changes in the 
social environment affect users' selection processes, with random disturbances introducing 
significant fluctuations in group behavior strategy selection and slowing down the convergence 
speed to equilibrium. 

4. Conclusion 

This paper proposes a stochastic evolutionary game model for EV charging and discharging 
strategy selection based on an improved replicator dynamic equation. The main contributions 
and conclusions are summarized as follows: 

(1) A three-strategy game model is established for EV groups, incorporating charging costs, 
discharging benefits, battery degradation, and grid price response mechanisms. The model 
considers the actual economic and technical characteristics of EV participation in grid dispatch. 

(2) The traditional replicator dynamic equation is improved by introducing strategy influence 
factors and incentive coefficients, effectively characterizing the interdependence among 
different charging/discharging strategies. The introduction of incentive coefficients enhances 
the accuracy of strategy evolution descriptions and accelerates game convergence. 

(3) Gaussian white noise is incorporated into the evolutionary process to model random 
disturbances from uncertain external factors such as weather changes and traffic conditions. 
The stability conditions of the stochastic differential equations are analyzed using the moment 
exponential stability criterion, providing theoretical guarantees for the stability of evolutionary 
results. 

(4) Comprehensive simulation experiments validate the theoretical results. The results show 
that stronger strategy influence leads to higher user preference and faster convergence, while 
random disturbances introduce fluctuations and slow down convergence. 



International Journal of Science Volume 13 Issue 4, 2026 

ISSN: 1813-4890  
 

131 

Future research directions include: (1) extending the model to heterogeneous EV populations 
with different battery technologies and usage patterns; (2) incorporating dynamic pricing 
mechanisms and demand response programs; (3) developing multi-objective optimization 
frameworks considering both user benefits and grid stability. 
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