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Abstract


This study introduces a novel tripartite evolutionary game model to analyze the strategic interactions among electric vehicle (EV) aggregators, local governments, and EV users in vehicle–grid interaction (VGI) markets. The core novelty lies in capturing bounded rationality and dynamic decision-making across the three stakeholders, revealing how policy incentives and market mechanisms drive the transition from disordered charging to bidirectional VGI. Key findings include the following: (1) The system exhibits five stable equilibrium points, corresponding to three distinct developmental phases of the VGI market: disordered charging (V0G), unidirectional VGI (V1G), and bidirectional VGI (V2G). (2) Peak–valley price differences are the primary driver for transitioning from V0G to V1G. (3) EV aggregators’ willingness to adopt V2G is influenced by upgrade costs, while local governments’ subsidy strategies depend on peak-shaving benefits and regulatory costs. (4) Increasing the subsidy differential between V1G and V2G accelerates market evolution toward V2G. The framework offers actionable policy insights for sustainable VGI development, while advancing evolutionary game theory applications in energy systems.
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1. Introduction


To achieve carbon reduction and neutrality goals and transform the energy structure, it is essential to address the dual challenges of spatiotemporal mismatches between energy supply and demand and the lack of flexibility in constructing a clean-energy-based power system. Such a system requires efficient coordination among generation, grid, load, and storage. Electric vehicles (EVs), as mobile energy storage units capable of bidirectional energy exchange, have gained significant attention. They can stabilize fluctuations in renewable energy output and help optimize regional peak–valley load differences through rapid demand-side responses [1,2,3]. Furthermore, aggregating EV batteries into a distributed virtual energy storage system provides several advantages for the smart grid. This system supports peak–valley load regulation, enhancing power supply stability and mitigating renewable energy volatility, thereby promoting efficient clean energy use [4,5]. Supported by favorable policies, the development of EVs in China has entered a large-scale phase. By the end of 2024, the national stock of new energy vehicles was expected to reach 31.4 million units, with 12.82 million charging stations. Therefore, the rapid increase in EV ownership and charging demand will expedite the transition of VGI technology from theoretical validation to widespread application.



Encouraged by policy incentives, charging operators are evolving into load EV aggregators, and increasing public awareness is creating favorable market conditions for VGI. However, large-scale promotion of the VGI mode faces three primary challenges: (i) Operational Complexity—the bidirectional variability in EV loads creates spatiotemporal uncertainties in charging/discharging patterns, requiring advanced scheduling models that must account for electricity pricing, user satisfaction, and regulatory constraints [6,7]. (ii) User Adoption—EV users’ participation is limited by economic viability concerns, battery degradation risks, and up-front costs [5]. (iii) Regulatory barriers—scheduling risks from load forecasting inaccuracies and misaligned subsidy–ancillary market mechanisms impede incentive effectiveness [8]. Therefore, a comprehensive analysis of pricing incentives, user perceptions, battery costs, and other key conditions across VGI development phases is essential to inform both aggregator strategies and government policies, driving progress in sustainable transportation and energy security.



The existing literature on VGI can be categorized into three primary research streams: (i) technological control and application potential of VGI systems, (ii) subsidy incentive policies for VGI, and (iii) application of evolutionary game theory (EGT) to VGI.



Contemporary studies have conclusively demonstrated VGI’s technical viability through three principal research avenues: optimized charging/discharging algorithms, market equilibrium simulations, and dynamic pricing architectures [9]. In terms of technological control, studies have primarily focused on orderly charging and intelligent charging/discharging control methods for EVs, to reduce adverse impacts on regional distribution networks [10,11,12]. Breakthrough research by Lee et al. [13] employing multi-physics modeling quantitatively validated that State of Charge optimization extends battery cycle life by 15–20% in bidirectional operation modes, addressing a critical commercialization barrier. Moreover, empirical evidence from demand–response programs confirms VGI’s dual value proposition, participating EV users achieve 20–30% cost reductions, while grid operators benefit from 15–25% improvement in stability indices [14,15]. Regional case studies, particularly Wu et al.’s [16] spatial-temporal analysis of Texas’s V2G potential, project scalable capacity reaching 747 MWh by 2030. The technical reliability proposition has been further substantiated by over 100 international pilot projects, though their commercialization pathways reveal persistent challenges in market design [17] and technology standardization [18]. EV aggregators have emerged as the pivotal nexus in VGI value chains, simultaneously functioning as infrastructure operators and market coordinators [19]. The theoretical underpinnings of aggregator-mediated VGI markets were first formalized in [20], with subsequent field studies by Brandt et al. [21] demonstrating 80–85% operational feasibility in controlled environments. Recent advances have yielded three operational paradigms: (i) hierarchical fleet dispatch models [22], (ii) price-responsive demand shaping using time-variable tariffs [23], and (iii) neural-network-based coordination, reducing peak–valley differentials by 22 ± 3% [24]. These developments collectively underscore the necessity for adaptive profit-allocation mechanisms that align stakeholder incentives with grid optimization objectives.



The design of policy mechanisms has become pivotal in overcoming the bottlenecks to large-scale VGI adoption [25], with two dominant approaches emerging: (i) hybrid price-signaling systems that integrate dynamic electricity pricing with tapered subsidies to guide orderly charging/discharging behavior [26], and (ii) performance-based regulatory frameworks incorporating financial guarantees and penalty mechanisms to ensure compliance [27]. Empirical evidence demonstrates that well-structured incentive policies can simultaneously reduce user participation costs by 25–40% [28], lower carbon emissions by 15–20% per charging cycle [29], and enhance grid stability by 30–35% [30]. However, existing research often relies on static game-theoretic assumptions, neglecting transitional mechanisms such as graduated subsidy reductions, adaptive pricing models, and dynamic revenue-sharing adjustments during the shift from V1G to V2G modes. Recent initiatives, including China’s first batch of VGI pilot projects across nine cities, highlight the growing emphasis on policy–market synergy to accelerate VGI commercialization. These findings underscore the need for adaptive policy frameworks that balance short-term market incentives with long-term regulatory stability to facilitate sustainable VGI system development.



EGT has emerged as a powerful framework for modeling strategic interactions across diverse fields, including economics, ecology, and engineering, by relaxing the stringent rationality assumptions of classical game theory in favor of bounded rationality and dynamic adaptation [31]. In energy systems, EGT has been applied to power market equilibria [32,33,34], carbon trading [35,36,37], and low-carbon supply chains [38,39,40,41,42], demonstrating its versatility in analyzing multi-agent decision-making under uncertainty. V2G technology enables bidirectional interaction between EVs and the grid, allowing EVs not only to charge from the grid, but also to return stored electricity to the grid. A significant body of research has focused on VGI, where EGT addresses challenges in electric vehicle (EV) adoption, charging infrastructure planning, and VGI coordination. For instance, studies have employed EGT to optimize EV charging station deployment, incorporating government subsidies and user behavior [43,44]. In V2G contexts, EGT models have been used to analyze peak-shaving incentives and bidirectional energy trading [45], revealing cost reductions of up to 24.5% for grid operators. Furthermore, EGT has elucidated policy impacts, such as the Dual Credit Policy’s role in accelerating EV sales [46] and the effectiveness of dynamic carbon taxes [47]. Wei et al. [45] developed a hierarchical V2G dispatch framework combining global optimization for energy allocation with evolutionary-game-based prosumer trading. Similarly, Gao et al. [48] demonstrated that evolutionary game modeling of EV–grid coordination can reduce grid costs by 24.5% through optimized peak shaving and valley filling services.



Despite these advancements, the literature exhibits two substantive limitations: (i) predominant use of static game-theoretic models that inadequately capture market dynamics, and (ii) insufficient attention to transitional governance mechanisms during the V1G–V2G migration phase. This gap is particularly evident in the lack of integrated frameworks addressing subsidy phase-out schedules, pricing model iterations, and benefit-sharing adaptations—all critical for sustainable VGI maturation.



The remainder of this paper is structured as follows: Section 2 develops the theoretical framework and constructs the tripartite evolutionary game model. Section 3 discusses the stability of the evolutionary game system. Section 4 analyzes the stability conditions of evolutionary equilibrium points. Section 5 presents numerical simulations to visually illustrate the dynamic evolutionary paths of the three stakeholders under specific scenarios. Finally, Section 6 concludes with the main findings of this study.




2. Methodology


2.1. Basic Conceptions in EGT


EGT is widely recognized as having been founded by Maynard Smith in 1973 [31]. It employs mathematical models to analyze the dynamic evolution of strategies within populations. Compared to classical game theory, evolutionary game theory more effectively addresses complex problems in economic and managerial decision-making. At its core, it describes how strategy frequencies evolve over time and how stable equilibrium states are reached through adaptive adjustments.



The research framework of EGT mainly comprises two key components: the definition of fitness functions, and the design of selection and mutation mechanisms. The fitness function determines whether stable strategies can emerge during evolution, while selection and mutation mechanisms jointly drive the evolutionary process. The selection mechanism enables individuals to retain advantageous strategies from previous generations, whereas the mutation mechanism introduces strategic diversity. EGT aims to address two central questions: (1) how to construct dynamic learning models that reflect diverse learning needs, and (2) based on stability theory, how to analyze equilibrium stability during imitation learning and adaptation, as well as examine the long-term dynamics of systems converging toward equilibrium [49].



The replicator dynamic (RD) is a fundamental model in EGT, simulating how individuals adapt their strategies in response to payoffs. For a population with  n  strategies, where the proportion of individuals adopting strategy  i  is    x i   (    ∑  i = 1  n    x i    = 1  ), the fitness of strategy  i  is    f i   , and the average fitness is    f  a v e   =   ∑  j = 1  n    x j   f j     , the RD equation can be written as      d  x i    d t    =  x i     f i  −  f  a v e      . Solving this equation yields equilibrium points, which represent stable strategies formed through prolonged strategic interactions. Further stability analysis of these points can reveal the system’s ultimate evolutionarily stable equilibrium state [50].



The theory of evolutionarily stable strategy (ESS) shows that dominant strategies in a population exhibit exclusivity, effectively resisting invasions by alternative strategies. This concept is highly relevant to the development of EV charging markets: once a particular charging mode (e.g., fast-charging station networks) becomes dominant, its scale advantages (e.g., lower unit costs) and user habit lock-in (e.g., charging convenience) generate positive feedback effects that hinder the adoption of competing models. Moreover, policy support (e.g., subsidies and infrastructure planning) can reinforce such dominance, endowing mainstream charging strategies with the stability characteristics of an ESS.



Mathematically, ESS identification typically involves stability analysis methods such as Lyapunov stability theory and Jacobian matrix analysis at the equilibrium points of replicator dynamics [19]. For instance, in a tripartite two-strategy evolutionary game (3P2S-EG), let  x ,  y , and  z  denote the probabilities of each player adopting a specific strategy. The corresponding replicator dynamics differential equations are given in Equation (1), and the Jacobian matrix  J  of the system, obtained through linearization, is shown in Equation (2).


        f   x , t   = x   f −  f  a v e           g   y , t   = y   g −  g  a v e           h   z , t   = z   h −  h  a v e            



(1)






  J =          ∂ f   ∂ x           ∂ f   ∂ y           ∂ f   ∂ z             ∂ g   ∂ x           ∂ g   ∂ y           ∂ g   ∂ z             ∂ h   ∂ x           ∂ h   ∂ y           ∂ h   ∂ z           



(2)







In evolutionary stability analysis, Jacobian matrix analysis, dynamic simulation techniques, and Lyapunov methods can be jointly used to assess whether the internal equilibrium points of the replicator dynamics system are evolutionarily stable in the long term. The stability of these points is determined by the eigenvalues of the Jacobian matrix, as summarized in Table 1, where    x *   ,    y *   , and   z *   denote the coordinates of the system’s internal non-pure strategy equilibrium points.



As shown in Table 1, the stability of the system’s equilibrium points can be categorized as follows: (i) Asymptotic Stability (Point 1): If all eigenvalues of the Jacobian matrix  J  have negative real parts, the point is asymptotically stable. (ii) Instability (Point 2): If at least one eigenvalue has a positive real part, then the state of the original nonlinear system is unstable. (iii) Critical Stability (Point 3): If at least one eigenvalue has a zero real part, the point is considered a saddle point.




2.2. Theoretical Framework of VGI


VGI is a collaborative operation mechanism formed by the energy–information coupling between electric vehicles and the power grid. Its technological evolution follows a three-stage pattern: The disordered charging phase (V0G), the unidirectional VGI phase (V1G), and the bidirectional VGI phase (V2G). In a VGI system, EV aggregators participate in electricity market transactions by integrating distributed electric vehicle energy storage resources, while EV users, acting as prosumers, determine their participation based on multidimensional factors including charging costs, battery degradation, and response benefits. The government employs subsidy mechanisms to regulate market equilibrium, capture environmental benefits, and maintain grid stability. Based on this, this paper constructs a tripartite evolutionary game model involving EV aggregators, the local government, and EV users. We assume that the probabilities of choosing the V2G strategy for EV aggregators and EV users are  x  and  z , and the probability of choosing the subsidy strategy for the local government is  y . Hence, the probabilities of choosing the V1G strategy for EV aggregators and EV users are   1 − x   and   1 − z  , respectively, and   1 − y   denotes the probability of the no-subsidy strategy chosen by the local government.



For EV aggregators, the V1G strategy refers to controlling the charging power through a load management system, providing off-peak charging services with controllable charging power. In this strategy, EV aggregators charge a service fee per unit of charging energy, denoted as    f s   , and earn a unit profit   Δ r   from peak–valley arbitrage, along with a management cost represented by    C a   . When the EV aggregators choose the V2G strategy, this means utilizing user-side resources to discharge back to the grid and participate in grid frequency regulation auxiliary services. Additionally, the upgrade costs for V2G infrastructure are denoted as    C s   . The government will provide subsidies to EV aggregators implementing V1G and V2G strategies. The total amount of subsidies is influenced by the subsidy coefficient and the peak-shaving amount. Additionally, the EV aggregators will share the subsidies with EV users at ratios a (under the V1G strategy) and b (under the V2G strategy) to incentivize their participation in the VGI.



For local governments, the decision to implement subsidy policies or adopt a non-intervention approach significantly impacts the development of the VGI market. Under a non-subsidy scenario, the government refrains from providing financial incentives to EV aggregators but must bear the associated environmental losses, denoted as  L . In contrast, the subsidy strategy involves offering financial support, where    r 1    and    r 2    denote the subsidy amounts for V1G and V2G scenarios, respectively, and    k 1    and    k 2    represent the corresponding responsiveness coefficients. While this approach incurs regulatory costs    C g   , it yields substantial environmental improvement benefits (   E 1    for V1G and    E 2    for V2G), with incremental environmental improvement benefits (  Δ  E 1    for V1G and   Δ  E 2    for V2G). Critically, VGI implementation allows the government to harness peak-shaving benefits    E g    through reduced grid load fluctuations and lower power generation costs.



For EV users, in the V0G scenario, the charging amount is denoted as    Q 0   , with a corresponding charging cost of    C 0   . V1G refers to shifting part of the charging to off-peak hours (denoted by the subscript p), while V2G refers to EV users charging during off-peak hours and discharging to the grid during peak hours (denoted by the subscript d). In the no-subsidy scenario, the peak-shaving and discharging amounts for EV users in the V1G and V2G modes are denoted as    Q p    and    Q d   , respectively, with perceived utilities of    U 1    and    U 2   , and loss aversion costs of    C t    and    C l   , respectively. When the local government adopts the subsidy strategy, the incremental peak-shaving and discharging amounts for EV users are denoted as   Δ  Q p    and   Δ  Q d   , with additional perceived utilities of    U s   , and incremental loss aversion costs of   Δ  C t    and   Δ  C l   . When EV users discharge to the grid, the unit discharge income is    r d    and the unit battery wear cost is    k b   .



The above parameters and their definitions for the three parties are listed in Table 2.




2.3. Model Construction


Based on the previous theoretical framework, the corresponding payoff matrix for EV aggregators, the local government, and EV users is constructed, as shown in Table 3.



Table 3 displays the tripartite payoff matrix for EV aggregators, local governments, and EV users within our evolutionary game framework, where boundedly rational actors strategically maximize their payoffs. When a strategy’s expected payoff for a group exceeds the average of the other strategies, the proportion of individuals choosing that strategy increases. In other words, participants’ willingness to adopt that strategy strengthens. Strategies with higher payoffs are more likely to be imitated and spread [51,52]. Through the elimination of inefficient strategies and reinforcement of advantageous ones, the choices of the three stakeholders interact and eventually stabilize. This process can be modeled using replicator dynamics equations [53,54,55]. Next, by calculating the expected payoffs for the strategies of EV aggregators, local governments, and EV users, we construct a replicator dynamic equation to study the evolutionary relationships of these parties in VGI cooperation.



First, we define the expected payoffs for the EV aggregators’ V2G strategy and V1G as    E  11     and    E  12    , respectively, and use     E ¯  1    to represent the average expected payoff. According to the above payoff matrix and the probabilities of selecting different strategies,    E  11    ,    E  12    , and     E ¯  1    can be expressed as follows:


     E  11   = y z   ( 1 − δ )  k 2   r 2     Q d  + Δ  Q d    +  f s     Q 0  +  Q d  + Δ  Q d    −  C s  −  C a    + y ( 1 − z )   Δ r  Q 0  +  f s   Q 0  −  C s  −  C a        + ( 1 − y ) z    f s     Q 0  +  Q d    −  C s  −  C a    + ( 1 − y ) ( 1 − z )   Δ r  Q 0  +  f s   Q 0  −  C s  −  C a       



(3)






     E  12   = y z     1 − γ    k 1   r 1     Q p  + Δ  Q p    + Δ r    Q 0  −  Q p  − Δ  Q p    +  f s   Q 0  −  C a    + y   1 − z     Δ r  Q 0  +  f s   Q 0  −  C a        +   1 − y   z   Δ r    Q 0  −  Q p    +  f s   Q 0  −  C a    +   1 − y     1 − z     Δ r  Q 0  +  f s   Q 0  −  C a       



(4)






    E ¯  1  = x  E  11   +   1 − x    E  12    



(5)







The replicator dynamic equation for EV aggregators      d x   d t      can be calculated as


  F  x  =    d x   d t    = x    E  11   −   E ¯  1    = x   1 − x     y z        1 − δ    k 2   r 2     Q d  + Δ  Q d    +  f s  Δ  Q d      + Δ r Δ  Q p  −   1 − γ    k 1   r 1     Q p  + Δ  Q p                   + z    f s   Q d  − Δ r    Q 0  −  Q p      −  C s     



(6)







Similarly, we use    E  21     and    E  22     to represent the expected payoffs of the local government’s subsidy strategy and non-subsidy strategy, respectively, and use     E ¯  2    to denote the average expected payoff.    E  21    ,    E  22    , and     E ¯  2    can be obtained as follows:


     E  21   = x z    E g     Q 0  +  Q d  + Δ  Q d    −  k 2   r 2     Q d  + Δ  Q d    −  C g  − L +  E 2  + Δ  E 2    + ( 1 − x ) ( 1 − z )   −  C g  − L       + ( 1 − x ) z    E g     Q p  + Δ  Q p    −  k 1   r 1     Q p  + Δ  Q p    −  C g  − L +  E 1  + Δ  E 1    + x ( 1 − z )   −  C g  − L      



(7)






   E  22   = x z    E g     Q 0  +  Q d    − L +  E 2    + x ( 1 − z )   − L   + ( 1 − x ) z    E g   Q p  − L +  E 1    + ( 1 − x ) ( 1 − z )   − L    



(8)






    E ¯  2  = y  E  21   +   1 − y    E  22    



(9)







The replicator dynamic equation for the local government      d y   d t      can be calculated as


  F ( y ) =    d y   d t    = y    E  21   −   E ¯  2    = y ( 1 − y )     x z       E g    Δ  Q d  − Δ  Q p    +  k 1   r 1     Q p  + Δ  Q p                  −  k 2   r 2     Q d  + Δ  Q d    + Δ  E 2  − Δ  E 1           + z    E g  Δ  Q p  −  k 1   r 1     Q p  + Δ  Q p    + Δ  E 1    −  C g                 



(10)







Next, we use    E  31     and    E  32     to represent the expected payoffs for EV users participating in V1G mode and participating in V2G mode, respectively, and use     E ¯  3    to represent the average expected payoff.    E  31    ,    E  32    , and     E ¯  3    can be expressed as follows:


     E  31   = x y      U 2  +  U s  +  r d     Q d  + Δ  Q d    + δ  k 2   r 2     Q d  + Δ  Q d    −  k b     Q d  + Δ  Q d                  −    C 0  − Δ r  Q 0  +    r t  − Δ r      Q d  + Δ  Q d      −  C l  − Δ  C l      + ( 1 − x ) ( 1 − y )    U 1  −  C 0  + Δ r  Q p  −  C t        + ( 1 − x ) y    U 1  +  U s  + γ  k 1   r 1     Q p  + Δ  Q p    −  C 0  + Δ r    Q p  + Δ  Q p    −  C t  − Δ  C t        + x ( 1 − y )    U 2  +  r d   Q d  −    C 0  − Δ r  Q 0  +    r t  − Δ r    Q d    −  k b   Q d  −  C l       



(11)






   E  32   =   x y + x ( 1 − y ) + ( 1 − x ) y + ( 1 − x ) ( 1 − y )     −  C 0     



(12)






    E ¯  3  = z  E  31   +   1 − z    E  32    



(13)







The replicator dynamic equation for EV users      d z   d t      can be calculated as


  F ( z ) =    d z   d t    = z    E  31   −   E ¯  3    = = z ( 1 − z )     x y [     δ  k 2   r 2     Q d  + Δ  Q d    − γ  k 1   r 1     Q p  + Δ  Q p        +    r d  + Δ r −  r t  −  k b    Δ  Q d  − Δ r  Q p  − Δ  C l  + Δ   C t                           ]     + x    U 2  −  U 1  +    r d  + Δ r −  r t  −  k b     Q d  + Δ r    Q 0  −  Q p    −  C l  +  C t                  + y    U s  + γ  k 1   r 1     Q p  + Δ  Q p    + Δ r Δ  Q p  − Δ  C t        +  U 1  + Δ r  Q p  −  C t       



(14)







Finally, let   F  x  = 0  ,   F  y  = 0  , and   F  z  = 0  , and combine Equations (6) and (10), and (14) to establish a three-dimensional dynamic system, as shown in Equation (15).


        x   1 − x     y z  A 1  + z  A 5  −  C s    = 0       y   1 − y     x z  A 2  + z  A 6  −  C g    = 0       z   1 − z     x y  A 3  + x  A 4  + y  A 7  +  U 1  + Δ r  Q p  −  C t    = 0        



(15)




where


         A 1  =   1 − δ      Q d  + Δ  Q d     k 2   r 2  −   1 − γ      Q p  + Δ  Q p     k 1   r 1  +  f s  Δ  Q d  + Δ r Δ  Q p         A 2  =  E g    Δ  Q d  − Δ  Q p    +  k 1   r 1     Q p  + Δ  Q p    −  k 2   r 2     Q d  + Δ  Q d    + Δ  E 2  − Δ  E 1         A 3  = δ  k 2   r 2     Q d  + Δ  Q d    − γ  k 1   r 1     Q p  + Δ  Q p    +    r d  + Δ r −  r t  −  k b    Δ  Q d  − Δ r  Q p  − Δ  C l  + Δ  C t         A 4  =  U 2  −  U 1  +    r d  + Δ r −  r t  −  k b     Q d  + Δ r    Q 0  −  Q p    −  C l  +  C t         A 5  =  f s   Q d  − Δ r    Q 0  −  Q p           A 6  =  E g  Δ  Q p  −  k 1   r 1     Q 0  −  Q p    + Δ  E 1        A 7  =  U s  + γ  k 1   r 1     Q 0  −  Q p    + Δ r Δ  Q p  − Δ  C t       A 8  =  U 1  + Δ r  Q p  −  C t        











In the next section, we will solve this replicator dynamic system to analyze the stability of strategies for the three parties.





3. Results


Based on the tripartite game model constructed in Section 2, we identified eight pure strategy equilibrium points and established a Jacobian matrix to evaluate the stability of these equilibrium points.



3.1. Equilibrium Points of the Tripartite Evolutionary Game Model


Solving Equation (15) yields a total of 15 equilibrium points, which include 8 pure strategy solutions for three players, 6 pure strategy solutions for two players, and 1 mixed strategy solution. Game theory stipulates that the strategies in multi-player evolutionary games must be Nash equilibria in pure strategies. Consequently, we focus exclusively on 8 pure strategy solutions:    P 1    0 , 0 , 0    ,    P 2    0 , 0 , 1    ,    P 3    0 , 1 , 0    ,    P 4    0 , 1 , 1    ,    P 5    1 , 0 , 0    ,    P 6    1 , 0 , 1    ,    P 7    1 , 1 , 0    , and    P 8    1 , 1 , 1     as stable equilibrium points.




3.2. The Stability of the Equilibrium Points


Based on Friedman’s research on the stability of replicator dynamic systems [56,57,58], the stability of the eight equilibrium points can be evaluated by constructing a Jacobian matrix and calculating its eigenvalues. The Jacobian matrix for the tripartite evolutionary game is shown as follows:


  J =          ∂ F ( x )   ∂ x           ∂ F ( x )   ∂ y           ∂ F ( x )   ∂ z             ∂ F ( y )   ∂ x           ∂ F ( y )   ∂ y           ∂ F ( y )   ∂ z             ∂ F ( z )   ∂ x           ∂ F ( z )   ∂ y           ∂ F ( z )   ∂ z          =        J  11        J  12        J  13          J  21        J  22        J  23          J  31        J  32        J  33          



(16)




where


     J  11   = ( 1 − 2 x )     y z     1 − δ      Q d  + Δ  Q d     k 2   r 2  −   1 − γ      Q p  + Δ  Q p     k 1   r 1  +  f s  Δ  Q d  + Δ r Δ  Q p        + z    f s   Q d  − Δ r    Q 0  −  Q p      −  C s           J  12   = z x ( 1 − x )     1 − δ      Q d  + Δ  Q d     k 2   r 2  −   1 − γ      Q p  + Δ  Q p     k 1   r 1  +  f s  Δ  Q d  + Δ r Δ  Q p         J  13   = x ( 1 − x )     y     1 − δ      Q d  + Δ  Q d     k 2   r 2  −   1 − γ      Q p  + Δ  Q p     k 1   r 1  +  f s  Δ  Q d  + Δ r Δ  Q p        +  f s   Q d  − Δ r    Q 0  −  Q p             J  21   = y ( 1 − y ) z    E g    Δ  Q d  − Δ  Q p    +  k 1   r 1     Q p  + Δ  Q p    −  k 2   r 2     Q d  + Δ  Q d    + Δ  E 2  − Δ  E 1         J  22   = ( 1 − 2 y )   x z      E g    Δ  Q d  − Δ  Q p    +  k 1   r 1     Q p  + Δ  Q p        −  k 2   r 2     Q d  + Δ  Q d    + Δ  E 2  − Δ  E 1      + z    E g  Δ  Q p  −  k 1   r 1     Q p  + Δ  Q p    + Δ  E 1    −  C g         J  23   = y ( 1 − y )     x    E g    Δ  Q d  − Δ  Q p    +  k 1   r 1     Q p  + Δ  Q p    −  k 2   r 2     Q d  + Δ  Q d    + Δ  E 2  − Δ  E 1        +  E g  Δ  Q p  −  k 1   r 1     Q p  + Δ  Q p    + Δ  E 1           J  31   = z ( 1 − z )     y   δ  k 2   r 2     Q d  + Δ  Q d    − γ  k 1   r 1     Q p  + Δ  Q p    +    r d  + Δ r −  r t  −  k b    Δ  Q d  − Δ r  Q p  − Δ  C l  + Δ  C t        +  U 2  −  U 1  +    r d  + Δ r −  r t  −  k b     Q d  + Δ r    Q 0  −  Q p    −  C l  +  C t           J  32   = z ( 1 − z )     x   δ  k 2   r 2     Q d  + Δ  Q d    − γ  k 1   r 1     Q p  + Δ  Q p    +    r d  + Δ r −  r t  −  k b    Δ  Q d  − Δ r  Q p  − Δ  C l  + Δ  C t        +  U s  + γ  k 1   r 1     Q p  + Δ  Q p    + Δ r Δ  Q p  − Δ  C t           J  33   = ( 1 − 2 z )     x y   δ  k 2   r 2     Q d  + Δ  Q d    − γ  k 1   r 1     Q p  + Δ  Q p    +    r d  + Δ r −  r t  −  k b    Δ  Q d  − Δ r  Q p  − Δ  C l  + Δ  C t        + x    U 2  −  U 1  +    r d  + Δ r −  r t  −  k b     Q d  + Δ r    Q 0  −  Q p    −  C l  +  C t        + y    U s  + γ  k 1   r 1     Q p  + Δ  Q p    + Δ r Δ  Q p  − Δ  C t    +  U 1  + Δ r  Q p  −  C t         











Table 4 analyzes the conditions under which    P  1 ~ 8     become equilibrium points.



Then, we can reason about the equilibrium conditions for each possible equilibrium point by analyzing the realistic meaning of their eigenvalues in Table 5. Here, DNE (Does Not Exist) is applied when the point fails to satisfy any of the following conditions: (1) ESS, (2) saddle point, or (3) unstable point.



By substituting the eight equilibrium points into the Jacobian matrix, the evolutionary equilibrium points and their conditions are shown in Table 6. Here, “N” denotes indeterminate eigenvalue signs, “+” represents positive eigenvalues, and “-“ indicates negative eigenvalues. As shown in Table 6, no stable equilibrium is identified, suggesting that a stable state is not reached among EV aggregators, the local government, and EV users. However, five saddle points are observed, and under specific conditions, these equilibrium points may lead the tripartite evolutionary game to a stable state. The next section will explore the conditions under which these three stakeholders can establish evolutionarily stable strategies.





4. Discussion


As indicated in Table 3, five saddle points have been identified:    P 1    0 , 0 , 0    ,    P 2    0 , 0 , 1    ,    P 4    0 , 1 , 1    ,    P 6    1 , 0 , 1    , and    P 8    1 , 1 , 1    . In the subsequent analysis, we will evaluate the stability conditions associated with each saddle point, while categorizing the VGI dynamic evolutionary process into three distinct stages: the initial phase (V0G), the growth phase (V1G), and the maturity phase (V2G).



4.1. The Initial Phase: V0G Mode


Scenario 1    P 1    0 , 0 , 0    : When    A 8  < 0  , the tripartite evolutionary game reaches a stable state. In this case, the EV aggregators choose the V1G strategy, the local do not provide the subsidy, while EV users not to participate in VGI.



Scenario 1 suggests that when the market’s peak–valley price difference remains below the threshold (  Δ r <    C t  −  U 1    /  Q p   ), the savings in charging costs   Δ r  Q p    for EV users participating in V1G mode, under the local government’s non-subsidy policy, are not enough to offset the losses caused    C t    by longer charging times. Moreover, the benefits gained from discharging in the bidirectional VGI mode fail to cover the costs associated with battery wear. Consequently, EV users are not motivated to engage in VGI. At the same time, due to limited regional scale effects in VGI and the high costs of upgrading to V2G infrastructure, EV aggregators also lack an incentive to invest in equipment upgrades and adopt the V2G strategy.



Conclusion 1: The evolutionarily stable strategy    P 1    0 , 0 , 0     represents the initial development phase of VGI, where attempts by EV aggregators to implement unidirectional VGI (V1G) services are obstructed by three systemic barriers: (i) a lack of sufficient price signals within electricity markets, (ii) inadequate policy frameworks, and (iii) low alignment among stakeholders. These challenges, coupled with EV users’ behavioral inertia and cognitive limitations regarding the adoption of new technologies, lead to suboptimal participation rates. Our analysis indicates that targeted government intervention—through improved discharge compensation mechanisms (e.g., time-variable pricing premiums) and structured fiscal incentives (e.g., phased tax exemptions and technology-specific subsidies)—is essential to address these market failures and facilitate the broader adoption of VGI.




4.2. The Growth Phase: V1G Mode


Scenario 2    P 2    0 , 0 , 1    : When    A 8  > 0  ,    A 5  −  C s  < 0  , and    A 6  −  C g  < 0  , the tripartite evolutionary game reaches a stable state. In this case, EV aggregators adopt the V1G strategy, the local government does not provide subsidies, and EV users participate in V1G.



Scenario 2 illustrates that when the peak–valley price difference is large, and the local government’s savings from peak-shaving costs cannot offset subsidy payments and regulation costs, policy intervention becomes unjustified. Nevertheless, the charging cost savings adequately compensate users for their time costs, thus encouraging voluntary participation in V1G. During the growth phase of the VGI market, EV aggregators, however, face constrained profitability due to high upgrade costs and a limited user base, which diminishes the incentives to invest in V2G infrastructure.



Scenario 3    P 4    0 , 1 , 1    : When    A 7  +  A 8  > 0  ,    A 5  +  A 7  −  C s  < 0  , and    A 6  −  C g  > 0  , the system stabilizes, with EV aggregators choosing the V1G strategy, the local government adopting a subsidy strategy, and EV users participating in V1G.



This scenario generally emerges at a specific developmental stage of the VGI market, marked by a substantial peak–valley price difference and elevated grid upgrade costs. In this context, with government regulatory expenses being relatively manageable and the implementation of subsidy policies potentially generating significant environmental benefits, the government aims to foster greater participation in VGI by offering moderate financial incentives to EV aggregators. However, the existing subsidy levels are insufficient to cover the equipment upgrade costs necessary for EV aggregators to adopt the bidirectional VGI mode (V2G). Moreover, the lack of notable improvements in the overall benefits for users participating in the V2G mode leads all stakeholders to prefer engaging in the unidirectional VGI mode (V1G).



Conclusion 2: The evolutionarily stable strategies    P 2    0 , 0 , 1     and    P 4    0 , 1 , 1     delineate the growth phase in the development of the VGI market. Influenced by the peak–valley price difference, VGI progresses from the initial disordered charging phase (V0G) to the unidirectional VGI mode (V1G). During this phase, the primary factors shaping the development models include the peak-shaving benefits and regulatory costs for the local government, the subsidy levels, and the subsidy-sharing ratio.




4.3. The Maturity Phase: V2G Mode


Scenario 4    P 6    1 , 0 , 1    : When    A 4  +  A 8  > 0  ,    A 2  +  A 6  −  C g  < 0  , and    A 5  −  C s  > 0  , the tripartite evolutionary game reaches a stable equilibrium, where EV aggregators choose the V2G strategy, the local government chooses the no-subsidy strategy, and EV users participate in V2G.



Scenario 4 demonstrates that when the peak–valley price differential in the electricity market is sufficiently small, the combined benefits of peak-shaving cost savings and environmental benefits for the local government fail to outweigh its subsidy expenditures and regulatory costs. Consequently, the local government opts for a no-subsidy policy. Conversely, if EV aggregators face relatively low upgrade costs, a significant peak–valley price differential creates strong economic incentives, promoting the adoption of V2G strategies. Moreover, when the peak–valley price gap is pronounced, V2G infrastructure coverage is adequate, and EV aggregators wield substantial influence, EV users exhibit greater willingness to voluntarily engage in V2G modes.



Scenario 5    P 8    1 , 1 , 1    : When    A 1  +  A 3  +  A 4  +  A 7  +  A 8  > 0  ,    A 2  +  A 6  −  C g  > 0  , and    A 1  +  A 5  −  C s  > 0  , the system stabilizes and EV aggregators choose the V2G strategy, the local government chooses the subsidy strategy, and EV users participate in V2G.



Scenario 5 indicates that when the EV adoption reaches a critical mass, local government policies are well established, the grid’s ancillary services market is well developed, V2G infrastructure upgrade costs decline, and EV aggregators are more inclined to adopt the V2G strategy. Moreover, the combined benefits derived from peak-shaving cost savings and environmental benefits are sufficient to cover subsidy expenditures and regulatory costs. In light of the urgent need for carbon neutrality and energy transition, the local governments are compelled to provide subsidies to EV aggregators. Within this enabling framework, facilitated by collaboration between EV aggregators and policymakers, EV users are willing to participate in the bidirectional VGI mode (V2G).



Conclusion 3: The evolutionarily stable strategies    P 6    1 , 0 , 1     and    P 8    1 , 1 , 1     correspond to the maturity phase of the VGI market, while societal awareness of VGI increases, alongside the maturation of VGI technology and the improvement of incentive subsidy mechanisms. During this phase, the VGI market follows a comprehensive development path that combines market-driven endogenous forces with external policy regulation. The primary factors influencing the development models in this phase include the peak-shaving benefits and regulatory costs for the local government, the subsidy level, and the subsidy-sharing ratio.



The analysis above indicates that the peak–valley price difference, peak-shaving costs, the strength of local government subsidies, upgrade costs, subsidy-sharing ratios, and EV users’ loss aversion significantly influence the evolutionary stability of the game system. These factors govern the system’s progression through various development stages. Based on this analysis, the dynamic evolution of VGI market development is illustrated in Figure 1.





5. Numerical Simulation of Tripartite Evolutionary Game Model


To further validate the effectiveness of the theory and to provide a clearer and more intuitive demonstration of the impact of relevant factors on the model’s evolutionary outcomes, as well as the dynamic evolutionary paths of EV aggregators and local government strategy choices under various constraints, a numerical simulation analysis of five scenarios was conducted, as shown in Figure 2. The parameter settings are provided in Table 7, and the data sources are listed in Appendix A.



As shown in Figure 2, the numerical simulation results of five scenarios (Case 1 to Case 5) reveal that the tripartite evolutionary game system reached different stable equilibrium states. In Scenario 1, the system converged to the equilibrium point    P 1    0 , 0 , 0    ; in Scenario 2, it converged to    P 2    0 , 0 , 1    ; in Scenario 3, it converged to    P 4    0 , 1 , 1    ; in Scenario 4, it converged to    P 6    1 , 0 , 1    ; and in Scenario 5, the system stabilized at    P 8    1 , 1 , 1    .



Next, we conduct a systematic sensitivity analysis (Section 5.1, Section 5.2and Section 5.3) to quantify how critical operational parameters influence the evolutionary equilibria in the tripartite vehicle–grid interaction (VGI) system. The analysis focuses on seven key determinants: (i) peak–valley price difference, (ii) peak-shaving benefits, (iii) local government subsidies, (iv) regulatory costs, (v) upgrade costs, (vi) subsidy levels, and (vii) loss aversion coefficients, with Case 3 serving as the baseline scenario.



5.1. The Initial Phase: V0G Mode


In the initial phase (V0G), the peak–valley price difference   Δ r   plays a pivotal role in the formation of equilibrium.



5.1.1. Impact of Peak–Valley Price Difference on System Evolution


Figure 3 elucidates the dynamic mechanisms through which the peak–valley price difference   Δ r   influences the system’s evolutionary equilibrium and tripartite strategy selection. As shown in Figure 3a, the system equilibrium shifts from    P 1    0 , 0 , 0     to    P 4    0 , 1 , 1     as   Δ r   increases, confirming the significant positive incentive effect of electricity price differentials on EV users’ strategies. Furthermore, Figure 3b reveals a monotonic increasing relationship between EV users’ willingness to participate in VGI, and   Δ r   validates the effectiveness of price-based policies in guiding managed charging through cost modulation. Notably, when   Δ r = 0.1  , the intensity of local government subsidies exhibits a distinct inverted U-shaped pattern. This finding suggests the existence of an optimal threshold effect in policy intervention: Subsidy policies can only achieve their intended effects when EV users’ participation exceeds a critical threshold.




5.1.2. Impact of Loss Aversion Costs on System Evolution


Figure 4 illustrates the effects of loss aversion costs    C t    on the system’s evolutionary trajectory and tripartite interactions. As shown in Figure 4a, with parameters   Δ r = 0.5   and    r 1  = 0.8  , the system converges to a stable equilibrium point    P 4    0 , 1 , 1    . Furthermore, Figure 4b reveals a negative correlation between EV users’ loss aversion costs and their willingness to participate in VGI. Specifically, as loss aversion costs decrease, the system transitions from unmanaged charging mode (V0G) to unidirectional VGI mode (V1G). These findings suggest that reducing loss aversion costs—facilitated by enhanced social awareness and improved VGI infrastructure—can effectively promote EV users’ adoption of V1G strategies. Additionally, lower loss aversion costs and reduced entry barriers incentivize the local government to implement active policy measures, such as subsidies.



The simulation results presented in Figure 3 and Figure 4 collectively illustrate the impact and evolutionary patterns associated with the peak–valley price difference and loss aversion costs on the behavioral choices of game participants, including local governments, users, and aggregators, during the unmanaged charging phase. This study reveals that the peak–valley price difference acts as a critical driver for the transition of the VGI market from the unmanaged charging phase (V0G) to unidirectional VGI phase (V1G). There exist significant regional and seasonal variations in electricity pricing due to disparities among provinces and municipalities in economic development levels, industrial structure, energy mix, climatic conditions, electricity market maturity, and policy implementation intensity. Specifically, (1) regions characterized by moderate economic growth, low-energy-consumption industrial structures, stable power sources (e.g., thermal and nuclear), adequate flexible grid resources, and less developed electricity markets tend to exhibit smaller peak–valley price differences, thereby creating weaker market-driven incentives for VGI development and less favorable conditions for aggregators and local governments in deploying VGI infrastructure; (2) in contrast, regions that experience rapid economic growth, energy-intensive concentrated industries, dominance of climate-dependent hydro power, and advanced electricity markets possess inherent advantages for VGI market development, owing to the earlier implementation of time-of-use pricing or peak pricing policies. Notably, during the transition from unmanaged to managed charging, the EV users’ loss aversion costs significantly influence their willingness to participate. To address this, the local governments should enhance public awareness campaigns and actively guide users toward managed charging behaviors through educational initiatives, while EV aggregators should leverage existing charging infrastructure to improve service networks and optimize technical solutions—such as reducing service fees or enhancing bidirectional charging technologies—to enrich user experience and service convenience.





5.2. The Growth Phase: V1G Mode


In the growth phase (V1G), we examine how variations in key parameters    r 1   ,    E g   ,    C g   , and  γ  influence the system’s evolutionary trajectories.



5.2.1. Impact of Peak-Shaving Benefits and Regulatory Costs on System Evolution


Figure 5 illustrates the effects of peak-shaving benefits    E g    and regulatory costs    C g    on the system’s evolutionary path and the local government strategy. As depicted in Figure 5a, under parameter settings   Δ r = 0.5   and    r 1  = 0.8  , the system stabilizes at the equilibrium point    P 4    0 , 1 , 1    . Moreover, Figure 5b indicates a positive relationship between peak-shaving benefits and subsidy adoption, whereas regulatory costs exhibit a negative association with subsidy levels. Specifically, increasing peak-shaving benefits drive the local government to transition from a non-subsidy to a subsidy strategy, with growing willingness to subsidize. This implies that severe power supply–demand imbalances and substantial environmental advantages are critical factors motivating local governments to enact subsidy policies. Conversely, elevated regulatory costs reduce the government’s inclination toward subsidy strategies.




5.2.2. Impact of Subsidy Levels on System Evolution


Figure 6 demonstrates the influence of the local government subsidy levels    r 1    on the system’s evolutionary trajectory. As depicted in Figure 6a, under parameter settings with peak-shaving benefits and regulatory costs of    E g  = 0.48   and    C g  = 600  , the system converges to equilibrium point    P 4    0 , 1 , 1    . Figure 6b further reveals a phase-dependent evolutionary pattern: When    r 1  ∈   0.1 , 0.3    , the system evolves toward a subsidized managed charging mode, while when    r 1  ∈   0.4 , 0.5    , the local government withdraws subsidies due to fiscal constraints, leading to an unsubsidized managed charging mode. These results indicate that subsidies can promote orderly market development within optimal ranges, but excessively high subsidy standards may yield counterproductive policy effects, potentially impeding the sustainable growth of VGI markets.




5.2.3. Impact of Subsidy-Sharing Ratio on System Evolution


Figure 7 demonstrates the influence of the subsidy-sharing ratio  γ  for EV aggregators in the V1G mode on the system’s evolutionary trajectory. As depicted, when   γ ∈   0.1 , 0.2 , 0.3 , 0.4 , 0.5    , the system converges to equilibrium point    P 4    0 , 1 , 1    . Specifically, at   γ = 0.3  , the evolutionary rate increases, resulting in faster convergence to the equilibrium. The findings reveal that variations in the subsidy-sharing ratio under the unidirectional VGI mode (V1G) do not affect the ultimate convergence to a stable state. However, a lower subsidy-sharing ratio accelerates EV aggregators’ adoption of the managed charging strategy, while concurrently slowing EV users’ progression toward VGI participation.



The simulation results presented in Figure 5 and Figure 6 illustrate how peak-shaving benefits, regulatory costs, subsidy levels, and revenue-sharing ratios collectively influence stakeholder behavior during the unidirectional VGI phase (V1G). Key findings include: (1) a positive correlation between peak-shaving benefits and government incentives; regions with higher demands for grid flexibility—particularly those that are fossil fuel-dependent or reliant on electricity imports—exhibit stronger policy implementation due to greater system benefits; (2) an inverse relationship between regulatory costs and policy adoption; however, mature electricity markets achieve lower unit costs through well-established regulatory frameworks; (3) although subsidies effectively enhance user participation in V1G mode, they require careful calibration to avoid fiscal inefficiency, necessitating public–private coordination to maintain incentive effects, while promoting technological advancement; and (4) during market incubation, the sharing ratio for unidirectional VGI should remain within an optimal range to balance stakeholder interests, ensuring both user participation and market stability.





5.3. The Maturity Phase: V2G Mode


During the maturity phase of VGI, all three participates adopt bidirectional VGI strategy (V2G). This section investigates how variations in the key parameters    r 2   ,  δ , and    C s    influence the system’s evolutionary trajectories.



5.3.1. Impact of Subsidy on System Evolution


Figure 8 demonstrates the influence of local government subsidies    r 2    on the system’s evolutionary trajectory and EV aggregators’ strategies. When   γ = 0.3  , the system converges more rapidly toward the equilibrium point    P 4    0 , 1 , 1    . As depicted in Figure 8a, increasing subsidy levels accelerate the transition from V1G mode to V2G mode. Figure 8b reveals that when    r 2  = 0.1  , subsidies remain inadequate to motivate EV aggregators to pay for V2G infrastructure upgrades. However, when    r 2  ∈   0.2 , 0.3 , 0.4 , 0.5    , EV aggregator behavior exhibits a U-shaped response, initially declining, before rising substantially. This pattern suggests a critical subsidy window for triggering technological upgrades, where higher subsidies correspond to shorter transition periods. The observed dynamics stem from two competing effects: At lower subsidy levels, EV aggregators profit sufficiently from the unidirectional VGI mode, temporarily reducing upgrade incentives. However, as the long-term returns on infrastructure investments materialize, EV aggregators ultimately shift to bidirectional VGI mode.




5.3.2. Impact of Subsidy-Sharing Ratio on System Evolution


Figure 9 illustrates that variations in subsidy-sharing ratio significantly influence EV aggregators’ strategic choices. Specifically, when   δ ∈   0.1 , 0.2 , 0.3    , the system converges to the stable strategy    E 8    1 , 1 , 1    , whereas for   δ ∈   0.4 , 0.5    , the equilibrium shifts to    E 4    0 , 1 , 1    . This implies that an excessively high subsidy-sharing ratio leads EV aggregators to favor a unidirectional VGI strategy (V2G) due to revenue optimization motives. Furthermore, Figure 9b shows that the EV aggregators’ willingness to adopt the bidirectional VGI strategy (V2G) follows a U-shaped trend, with   δ ∈   0.1 , 0.2 , 0.3    . This trend indicates that initial adoption barriers, such as high upgrade costs and significant revenue sharing with EV users, temporarily reduce returns. However, expanding the EV user base and achieving bidirectional technological scale effects gradually enhance EV aggregators’ profitability, which in turn incentivizes the adoption of V2G strategies.




5.3.3. Impact of Upgrade Costs on System Evolution


Figure 10 demonstrates the influence of upgrade costs    C s    on the evolutionary trajectory. As depicted in Figure 10a, the system stabilizes at the equilibrium point    P 4    0 , 1 , 1     with    C s  ∈   300 , 450 , 600     and   δ = 0.3  . The results suggest that upgrade costs significantly affect EV aggregators’ strategic decisions: When costs are prohibitively high, EV aggregators prefer the unidirectional VGI mode (V1G). Further examination of Figure 10b shows that EV aggregators’ adoption willingness for bidirectional VGI mode (V2G) follows a U-shaped pattern, while    C s  ∈   300 , 450    . This implies that the V2G strategy has a critical adoption phase: in the early transition stage, the substantial upgrade costs and a constrained market size yield inadequate returns, causing a temporary reduction in EV aggregators’ willingness to engage. However, as the EV user base expands and revenues grow, this eventually drives the system toward V2G mode.




5.3.4. Impact of Subsidy Levels on System Evolution


Figure 11 illustrates the impact of local government subsidy levels on the system’s evolutionary trajectory and the strategic decisions of EV aggregators. As shown in Figure 11a, the system stabilizes at the equilibrium point    P 8    1 , 1 , 1     while    C s  = 600  . The results further indicate that reducing subsidy levels for V1G mode or increasing subsidies for V2G mode enhances EV aggregators’ propensity to adopt the bidirectional VGI strategy. Figure 11b suggests that the relative disparity in subsidies exerts a greater influence than absolute subsidy values. Specifically, widening the subsidy gap between V2G and V1G (i.e.,    r 2  −  r 1   ) strengthens EV aggregators’ engagement with the V2G strategy. In other words, maintaining a high V1G subsidy hinders effective market transition, even with elevated V2G subsidies. In contrast, substantially raising the V2G subsidy, while moderately reducing the V1G subsidy, creates a significant incentive effect, significantly boosting participation in bidirectional interactions among EV aggregators and users.



The simulation results presented in Figure 8, Figure 9 and Figure 11 illustrate that during the bidirectional VGI phase (V2G), the upgrade costs for EV aggregators, the subsidy levels of local governments, and the subsidy-sharing ratio collectively influence the behavioral choices of all three participants. The study reveals that (1) in the early stages of V2G market development, upgrade costs are the key factor determining whether aggregators enter the bidirectional VGI mode. Local governments can effectively lower entry barriers for aggregators and accelerate market formation by implementing specialized subsidies for station construction or retrofitting; (2) government subsidies and the subsidy-sharing ratio require coordinated optimization. On the one hand, government subsidies significantly promote EV aggregators’ adoption of V2G modes; however, the subsidy levels must be appropriately calibrated—subsidies that are too low fail to stimulate technological upgrades, while excessively high subsidies may dampen enthusiasm for existing modes. On the other hand, the subsidy-sharing ratio should be maintained within a reasonable range to prevent suppression of aggregators’ willingness to participate when subsidies are low, while ensuring balanced benefits for all parties; (3) during the transition from V1G to V2G modes, differentiated subsidy policies are particularly crucial: when subsidies in V1G mode remain high, even equally high subsidies for V2G mode may not facilitate mode transition. However, appropriately reducing subsidies for V1G mode while increasing subsidies for V2G mode to create a reasonable subsidy differential will significantly incentivize EV aggregators and EV users to participate in the V2G strategy. Consequently, local governments must holistically consider subsidy policies for both modes, employing differentiated incentives to more effectively guide the market toward bidirectional interaction development.






6. Conclusions and Recommendations


6.1. Main Conclusion


The widespread adoption of electric vehicles significantly enhances power system operations through intelligent unidirectional charging and bidirectional charging/discharging technologies. These approaches effectively reduce the reserve capacity requirements of conventional thermal power plants, while improving overall grid stability. This dual-benefit strategy addresses two critical challenges: mitigating supply–demand imbalances caused by high renewable energy penetration, and optimizing grid asset utilization to reduce system upgrade costs. The resulting socioeconomic benefits can play a crucial role in supporting the achievement of carbon neutrality goals.



To overcome the limitations of traditional single-objective optimization and agent-based models in capturing bounded rational decision-making among multiple stakeholders in electricity markets, this study proposes an innovative, policy-sensitive dynamic game theory framework. Our tripartite evolutionary game model of VGI markets systematically identifies equilibrium conditions at various development stages and their dynamic evolution. This framework provides policymakers and market designers with a comprehensive evolutionary roadmap (Figure 1), demonstrating how key factors, such as subsidy levels, user-perceived value, battery degradation costs, and infrastructure upgrade costs, interact to shape government subsidy policies, aggregator strategies, and user participation behaviors. These insights offer a deeper understanding of VGI market development pathways, support decision-making for market participants in developing differentiated strategies, provide practical guidance for governments in designing economically efficient subsidy mechanisms, and lay the theoretical foundations for optimizing the economic transmission value of VGI systems. The main findings of this paper are as follows:



	(1)

	
The quadrilateral game involving EV aggregators, local governments, and EV users lacks a stable equilibrium point, instead exhibiting five saddle points:    P 1    0 , 0 , 0    ,    P 2    0 , 0 , 1    ,    P 4    0 , 1 , 1    ,    P 6    1 , 0 , 1    , and    P 8    1 , 1 , 1    . Stable, sustainable cooperation among the three parties requires specific conditions.




	(2)

	
The VGI market exhibits three distinct evolutionary phases: initial phase (V0G), growth phase (V1G), and maturity phase (V2G). Initially, EV users exhibit low willingness to participate in VGI. However, as social awareness improves, technology matures, and incentive mechanisms are refined, and the VGI market gradually evolves toward a more mature stage.




	(3)

	
The transformation of the VGI market is mainly driven by (i) peak–valley price difference, (ii) peak-shaving benefits, (iii) local government subsidies, (iv) regulatory costs, (v) upgrade costs, (vi) subsidy levels, and (vii) loss aversion coefficients. The peak–valley price difference is the primary driver for the transition from V0G mode to V1G mode. EV aggregators may be reluctant to adopt the bidirectional interaction strategy due to high upgrade costs. Additionally, peak-shaving benefits and regulatory costs influence whether the local government implements subsidy policies. Furthermore, appropriately increasing subsidy levels can enhance the willingness of both EV users and EV aggregators to participate.








6.2. Policy Implications


Based on these conclusions, this paper offers the following managerial insights:



	(1)

	
For local governments, implementing differentiated policy designs and dynamic regulatory mechanisms is critical to facilitate orderly development of the vehicle–grid integration (VGI) market. Specific measures include (i) adopting time-of-use electricity pricing schemes that account for regional economic conditions and energy structures; (ii) developing multi-dimensional subsidy programs with appropriate caps to encourage electric vehicle (EV) user participation, while avoiding policy dependency; (iii) optimizing regulatory frameworks to improve EV aggregators’ operational efficiency; (iv) supporting digital platform development to streamline policy implementation; and (v) conducting public awareness campaigns to promote VGI participation and social responsibility.




	(2)

	
For EV aggregators, establishing sustainable user engagement mechanisms that combine economic incentives with service quality assurance is paramount. During the V1G phase, aggregators should enhance user benefits through equitable revenue-sharing models and reliable service offerings. When transitioning to V2G mode, firms must strategically evaluate upgrade costs against potential subsidy benefits, utilizing government support to overcome technological barriers. From a regional perspective, EV aggregators should focus operations on areas exhibiting substantial peak–valley electricity price differentials and more liberalized energy markets, to maximize profitability.








6.3. Future Research Recommendations


Building on this study, future work will focus on five key directions: (1) An integrated framework combining deep reinforcement learning with dynamic game theory could be developed. This framework would incorporate machine learning prediction modules, based on users’ historical charging data and mobility patterns, real-time grid status monitoring systems, and dynamic quantification modules for technical parameters (such as charging/discharging efficiency and battery degradation coefficients), to improve behavior prediction and strategy optimization. (2) Focused evaluations should examine the impact mechanisms of emerging technologies, such as smart charging stations and vehicle-to-home (V2H) systems, on grid regulation capacity and market structure, while developing quantitative models to analyze technology synergy effects. (3) Regarding policy design, there is a need to develop dynamic subsidy mechanisms that account for regional differences, create precise models for measuring V2G carbon reduction benefits, and optimize the designing of rules for capacity and ancillary service markets. (4) Particular emphasis should be placed on leveraging empirical data from Shenzhen’s V2G demonstration zone and the Netherlands’ Joule Project to build a multidimensional evaluation system encompassing technical feasibility, economic viability, and social acceptance, thereby providing real-world scenario validation for models. (5) Agent-based modeling approaches can effectively capture the heterogeneous behavioral characteristics of different user groups (e.g., commuters and ride-hailing drivers), simulating adaptive responses to policy interventions through embedded dynamic learning mechanisms. Advancing these research directions will significantly improve the predictive accuracy of vehicle–grid interaction systems and enhance their policy guidance value, thus providing more scientifically sound decision-making support for the development of new power systems.
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Appendix A. Data Sources


This study utilized data from the 2024 China New Energy Vehicle Usage Report. Currently, 68.1% of the battery capacity of new energy passenger vehicles range between 30 kWh and 80 kWh, with an average of 2.9 charging sessions per week [59]. Of these vehicles, 69.9% initiate charging with over 30% battery capacity remaining, while 57.1% complete charging with more than 95% battery capacity. Assuming each electric vehicle undergoes unmanaged charging 10 times per month, with an average battery capacity of 64 kWh [60], an initial charge of 40%, and a final charge of 90% [61], the energy charged per vehicle per session is calculated at 32 kWh [62].



According to the Notice on Promoting the Large-Scale Application of Vehicle-Grid Integration Pilot Projects, the total discharge power of V2G projects must not be less than 500 kW [63]. Therefore, this study conducted a simulation involving a cluster of 50 electric vehicles, with the EV aggregator coordinating the vehicles to participate in VGI in either V1G or V2G mode. Based on electric vehicle usage and charging patterns, the peak-shaving depth was set between 30% and 70%, while the discharge depth was adjusted between 20% and 50%, and the discharge frequency   n ∈   5 , 15     [64].



Drawing from the findings of the 2023 China Electric Vehicle User Charging Behavior Study Report, the perceived utility for EV users participating in V1G and V2G under various government policies was set at 2 CNY, 4 CNY, 12 CNY, and 14 CNY per month, respectively [65]. This study also accounted for energy losses during the charging and discharging processes, as well as battery degradation costs. Research by Yue et al. [64] indicates that the energy loss cost for EVs participating in V2G is 0.19 CNY/kWh, while the battery lifetime degradation cost is 0.26 CNY/kWh.



In the context of government subsidies, the subsidy response coefficients were set to 1, with the subsidy benchmark established at the upper limit of Guizhou’s demand response price of 1.5 CNY/kWh, and the regulatory cost set at 600 CNY [66]. The environmental benefits generated by V1G and V2G modes were valued at CNY 1000 and CNY 2000, respectively. The subsidy-sharing ratios provided by the EV aggregator to EV users in both modes were set at 0.3. The unit peak-shaving benefit    E g    obtained by local governments was determined based on contemporaneous peak-shaving generator electricity price data [67]. Currently, the feed-in tariff for peak-shaving prices in China ranges from 0.4 to 1.0 CNY/kWh [68,69].



Time-of-use electricity prices and charging service fees were established according to real-world data from various provinces and municipalities in China. For instance, in February 2025, based on proxy procurement prices published by provincial grid companies, the peak electricity prices for general commercial and industrial users ranged from 0.4 to 1.5 CNY/kWh, while off-peak prices varied from 0.1 to 0.5 CNY/kWh. The maximum peak–valley price differentials ranged between 0.1 and 1.3 CNY/kWh, with 21 provinces exceeding 0.6 CNY/kWh. Since no unified pricing policy exists for discharging tariffs under the V2G mode, we assumed that    r t  =  r d   , following Pan et al. [67]. The time-of-use discharging price range was set at 0.2–1.4 CNY/kWh [64]. Charging service fees also exhibit significant variation across China, with Zhengzhou having the lowest service fees nationwide, maintained at a range of 0.05–0.35 CNY/kWh. According to the Government-Priced Operational Service Charge Catalog (2023 Edition), the guided pricing range for charging service fees is between 0.4 and 1.3 CNY/kWh [70].
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Figure 1. Dynamic evolution of VGI development. 
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Figure 2. The simulation results of the phase trajectory of the EV aggregators–local government–EV users tripartite evolutionary game system, taking 50 rounds of the repeated evolution game. (a) shows the phase trajectory of (x, y, z) in Scenario 1, (b) shows the phase trajectory of (x, y, z) in Scenario 2, (c) shows the phase trajectory of (x, y, z) in Scenario 3, (d) shows the phase trajectory of (x, y, z) in Scenario 4, and (e) shows the phase trajectory of (x, y, z) in Scenario 5. 
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Figure 3. Simulation analysis of peak–valley price difference, starting with initial values of (0.5, 0.5, 0.5). (a) shows the phase trajectory of (x, y, z) under different peak–valley prices, and (b) illustrates the corresponding strategy shares within the populations under these same parameter conditions. 
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Figure 4. Simulation analysis of loss aversion costs, starting with initial values of (0.2, 0.2, 0.2). (a) shows the phase trajectory of (x, y, z) under different loss aversion costs, and (b) illustrates the corresponding strategy shares within the populations under these same parameter conditions. 
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Figure 5. Simulation analysis of peak-shaving benefits and regulatory costs, starting with initial values of (0.2, 0.2, 0.2). (a) shows the phase trajectory of (x, y, z) under different peak-shaving benefits and regulatory costs, and (b) illustrates the strategy share of the local government under these same parameter conditions. 
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Figure 6. Simulation analysis of subsidy levels in V1G mode, starting with initial values of (0.5, 0.5, 0.5). (a) shows the phase trajectory of (x, y, z) under different subsidy levels, and (b) illustrates the strategy share of the local government under these same parameter conditions. 
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Figure 7. The phase trajectory of (x, y, z) under different subsidy-sharing ratios in V1G, starting with initial values of (0.5, 0.5, 0.5). 
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Figure 8. Simulation analysis of subsidy levels in V2G mode, starting with initial values of (0.5, 0.5, 0.5). (a) shows the phase trajectory of (x, y, z) under different subsidy levels, and (b) illustrates the strategy share of EV aggregators under these same parameter conditions. 
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Figure 9. Simulation analysis of subsidy-sharing ratio, starting with initial values of (0.4, 0.4, 0.4). (a) shows the phase trajectory of (x, y, z) under different subsidy-sharing ratio, and (b) illustrates the strategy share of EV aggregators under these same parameter conditions. 
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Figure 10. Simulation analysis of upgrade costs, starting with initial values of (0.4, 0.4, 0.4). (a) shows the phase trajectory of (x, y, z) under different upgrade costs, and (b) illustrates the strategy share of EV aggregators under these same parameter conditions. 
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Figure 11. Simulation analysis of subsidy levels, starting with initial values of (0.4, 0.4, 0.4). (a) shows the phase trajectory of (x, y, z) under different subsidy levels, and (b) illustrates the strategy share of EV aggregators under these same parameter conditions. 
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Table 1. Method for determining evolutionary stability.
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	Internal Equilibrium Points
	Coordinate
	Eigenvalue Symbol
	Evolutionary Stability Results





	Point 1
	(0, 0, 0)
	    λ 1  < 0 ∧  λ 2  < 0 ∧  λ 3  < 0   
	ESS



	Point 2
	(1, 1, 1)
	    λ 1  > 0 ∨  λ 2  > 0 ∨  λ 3  > 0   
	Unstable



	Point 3
	      x *  ,  y *  ,  z *      
	    λ 1  = 0 ∨  λ 2  = 0 ∨  λ 3  = 0   
	Saddle point
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Party

	
Parameter

	
Definition






	
EV

aggregators

	
  δ  

	
The subsidy-sharing ratio for EV users in V2G mode.




	
  γ  

	
The subsidy-sharing ratio for EV users in V1G mode.




	
    f s    

	
The service fee charged by the EV aggregators.




	
    C a    

	
Management costs in the V1G strategy.




	
    C s    

	
Upgrade costs for V2G charging infrastructure.




	
local

government

	
    k 1    

	
The subsidy response coefficient in V1G mode.




	
    r 1    

	
The subsidy standard in V1G mode.




	
    k 2    

	
The subsidy response coefficient in V2G mode.




	
    r 2    

	
The subsidy standard in V2G mode.




	
    C g    

	
The regulatory cost for the subsidy strategy.




	
    E g    

	
The peak-shaving benefit.




	
    E 1    

	
The environmental improvement benefits in the V1G mode without a subsidy.




	
    E 2    

	
The environmental improvement benefits in the V2G mode without a subsidy.




	
   Δ  E 1    

	
The incremental environmental improvement benefits in V1G mode with a subsidy.




	
   Δ  E 2    

	
The incremental environmental improvement benefits in V2G mode with a subsidy.




	
  L  

	
The environmental losses borne in V0G mode.




	
EV users

	
    U 1    

	
The perceived utility for users in V1G mode.




	
    U 2    

	
The perceived utility for users in V2G mode.




	
    U s    

	
The additional perceived utility with a subsidy.




	
    Q 0    

	
The charging amount in V0G mode.




	
    Q p    

	
The peak-shaving amount in V1G mode without a subsidy.




	
   Δ  Q p    

	
The incremental peak-shaving amount in V0G mode with a subsidy.




	
    Q d    

	
The discharging amount in V2G mode without a subsidy.




	
   Δ  Q d    

	
The incremental discharging amount in V2G mode with a subsidy.




	
    r t    

	
The peak electricity price.




	
   Δ r   

	
The peak–valley price difference.




	
    r d    

	
The reverse discharging price in V2G mode.




	
    C 0    

	
The charging cost in V0G mode.




	
    k b    

	
The unit battery wear cost in V2G mode.




	
    C t    

	
The loss aversion cost in V1G mode.




	
   Δ  C t    

	
The incremental loss aversion cost in V1G mode.




	
    C l    

	
The loss aversion cost in V2G mode.




	
   Δ  C l    

	
The incremental energy loss aversion cost in V2G mode.











 





Table 3. Payoff matrix for the tripartite evolutionary game between EV aggregators, the local government, and EV users.
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The Local

Government

	
EV Users




	
Participate

	
Do Not Participate






	
EV

aggregators

	
Subsidy

strategy in V2G

	
    1 − δ    k 2   r 2     Q d  + Δ  Q d    +  f s     Q 0  +  Q d  + Δ  Q d    −  C s  −  C a   ,

	
  Δ r  Q 0  +  f s   Q 0  −  C s  −  C a   ,




	
   E g     Q 0  +  Q d  + Δ  Q d    −  k 2   r 2     Q d  + Δ  Q d    −  C g  − L +  E 2  + Δ  E 2   ,

	
  −  C g  − L  ,




	
      U 2  +  U s  +  r d     Q d  + Δ  Q d    −    C 0  − Δ r  Q 0  +    r t  − Δ r      Q d  + Δ  Q d          −  C l  − Δ  C l  + δ  k 2   r 2     Q d  + Δ  Q d    −  k b     Q d  + Δ  Q d        

	
   −  C 0    




	
No-subsidy

strategy in V2G

	
   f s     Q 0  +  Q d    −  C s  −  C a   ,

	
  Δ r  Q 0  +  f s   Q 0  −  C s  −  C a   ,




	
   E g     Q 0  +  Q d    − L +  E 2   ,

	
  − L  ,




	
    U 2  +  r d   Q d  −    C 0  − Δ r  Q 0  + (  r t  − Δ r )  Q d    −  k b   Q d  −  C l    

	
   −  C 0    




	
Subsidy

strategy in V1G

	
  ( 1 − γ )    Q p  + Δ  Q p     k 1   r 1  + Δ r    Q 0  −  Q p  − Δ  Q p    +  f s   Q 0  −  C a   ,

	
  Δ r  Q 0  +  f s   Q 0  −  C a   ,




	
   E g     Q p  + Δ  Q p    −  k 1   r 1     Q p  + Δ  Q p    −  C g  − L +  E 1  + Δ  E 1   ,

	
   C g  − L  ,




	
    U 1  +  U s  + γ  k 1   r 1     Q p  + Δ  Q p    −  C 0  + Δ r    Q p  + Δ  Q p    −  C t  − Δ  C t    

	
   −  C 0    




	
No-subsidy

strategy in V1G

	
  Δ r    Q 0  −  Q p    +  f s   Q 0  −  C a   ,

	
  Δ r  Q 0  +  f s   Q 0  −  C s  −  C a   ,




	
   E g   Q p  − L +  E 1   ,

	
  − L  ,




	
    U 1  −  C 0  + Δ r  Q p  −  C t    

	
   −  C 0    











 





Table 4. Possible equilibrium points    P  1 ~ 8     and their eigenvalues.
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	Points
	    Eigenvalue    λ 1     
	    Eigenvalue    λ 2     
	    Eigenvalue    λ 3     





	    P 1    0 , 0 , 0     
	   −  C s    
	   −  C g    
	    U 1  + Δ r  Q p  −  C t    



	    P 2    0 , 0 , 1     
	   − Δ r    Q 0  −  Q p    −  C s  +  f s   Q d    
	    E g  Δ  Q p  −  k 1   r 1     Q p  + Δ  Q p    + Δ  E 1  −  C g    
	   −  U 1  − Δ r  Q p  +  C t    



	    P 3    0 , 1 , 0     
	   −  C s    
	    C g    
	     γ  k 1   r 1  + Δ r      Q p  + Δ  Q p    +  U 1  +  U s  + −  C t  − Δ  C t    



	    P 4    0 , 1 , 1     
	         1 − δ    k 2   r 2  +  f s       Q d  + Δ  Q d    −  C s      − Δ r    Q 0  −  Q p  − Δ  Q p    −   1 − γ    k 1   r 1     Q p  + Δ  Q p        
	   −  E g  Δ  Q p  +  k 1   r 1     Q p  + Δ  Q p    − Δ  E 1  +  C g    
	   −   γ  k 1   r 1  + Δ r      Q p  + Δ  Q p    +  C t  + Δ  C t  −  U 1  −  U s    



	    P 5    1 , 0 , 0     
	    C s    
	   −  C g    
	      r d  + Δ r −  r t  −  k b     Q d  +  U 2  + Δ r  Q 0  −  C l    



	    P 6    1 , 0 , 1     
	   −  f s   Q d  + Δ r    Q 0  −  Q p    +  C s    
	    E g  Δ  Q d  −  k 2   r 2     Q d  + Δ  Q d    + Δ  E 2  −  C g    
	   −  U 2  − Δ r  Q 0  +  C l  −    r d  + Δ r −  r t  −  k b     Q d    



	    P 7    1 , 1 , 0     
	    C s    
	    C g    
	      U 2  +  U s  + Δ r  Q 0  −  C l  − Δ  C l      +   δ  k 2   r 2  +  r d  + Δ r −  r t  −  k b       Q d  + Δ  Q d        



	    P 8    1 , 1 , 1     
	     −     1 − δ    k 2   r 2  +  f s       Q d  + Δ  Q d    +  C s      + Δ r    Q 0  −  Q p  − Δ  Q p    +   1 − γ      Q p  + Δ  Q p     k 1   r 1      
	   −  E g  Δ  Q d  +  k 2   r 2     Q d  + Δ  Q d    − Δ  E 2  +  C g    
	     −  U 2  −  U s  − Δ r  Q 0  +  C l  + Δ  C l      −   δ  k 2   r 2  +  r d  + Δ r −  r t  −  k b       Q d  + Δ  Q d        










 





Table 5. Stability of    P  1 ~ 8    .
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	Point
	ESS Condition
	Saddle Point Condition
	Unstable Point Condition





	    P 1    
	    A 8  < 0   
	    A 8  > 0   
	DNE



	    P 2    
	    A 5  −  C s  < 0 ∧  A 6  −  C g  < 0 ∧  A 8  > 0   
	        A 5  −  C s  < 0 ∧  A 6  −  C g  < 0 ∧  A 8  > 0       ∧ ¬    A 5  −  C s  < 0 ∨  A 6  −  C g  < 0       
	    A 5  −  C s  ≥ 0 ∧  A 6  −  C g  ≥ 0 ∧  A 8  ≤ 0   



	    P 3    
	DNE
	all conditions
	DNE



	    P 4    
	    A 1  +  A 5  −  C s  < 0 ∧  A 6  −  C g  < 0 ∧  A 7  +  A 8  > 0   
	        A 1  +  A 5  −  C s  < 0 ∧  A 6  −  C g  < 0 ∧  A 7  +  A 8  > 0       ∧ ¬    A 1  +  A 5  −  C s  < 0 ∧  A 6  −  C g  < 0 ∧  A 7  +  A 8  > 0       
	    A 1  +  A 5  −  C s  ≥ 0 ∧  A 6  −  C g  ≥ 0 ∧  A 7  +  A 8  ≤ 0   



	    P 5    
	DNE
	all conditions
	DNE



	    P 6    
	    A 5  −  C s  > 0 ∧  A 2  +  A 6  −  C g  < 0 ∧  A 4  +  A 8  > 0   
	        A 5  −  C s  > 0 ∨  A 2  +  A 6  −  C g  < 0 ∨  A 4  +  A 8  > 0       ∧ ¬    A 5  −  C s  > 0 ∧  A 2  +  A 6  −  C g  < 0 ∧  A 4  +  A 8  > 0       
	    A 5  −  C s  ≤ 0 ∧  A 2  +  A 6  −  C g  ≥ 0 ∧  A 4  +  A 8  ≤ 0   



	    P 7    
	DNE
	    A 3  +  A 4  +  A 7  +  A 8  < 0   
	    A 3  +  A 4  +  A 7  +  A 8  ≥ 0   



	    P 8    
	      A 1  +  A 5  −  C s  > 0 ∧  A 2  +  A 6  −  C g  > 0     ∧  A 3  +  A 4  +  A 7  +  A 8  > 0     
	          A 1  +  A 5  −  C s  > 0 ∨  A 2  +  A 6  −  C g  > 0     ∨  A 3  +  A 4  +  A 7  +  A 8  > 0         ∧ ¬      A 1  +  A 5  −  C s  > 0 ∧  A 2  +  A 6  −  C g  > 0     ∧  A 3  +  A 4  +  A 7  +  A 8  > 8         
	      A 1  +  A 5  −  C s  ≤ 0 ∧  A 2  +  A 6  −  C g  ≤ 0     ∧  A 3  +  A 4  +  A 7  +  A 8  ≤ 0     










 





Table 6. Evolutionary equilibrium points and their conditions.
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	Point
	Eigenvalues Symbol
	Stability
	Strategy





	    P 1    
	(-, -, N)
	saddle
	EV aggregators choose V1G strategy, the local government does not provide subsidies, and EV users do not participate in VGI



	    P 2    
	(N, N, N)
	saddle
	EV aggregators choose V1G strategy, the local government does not provide subsidies, and EV users participate in V1G.



	    P 3    
	(-, +, N)
	unstable
	EV aggregators choose V1G strategy, the local government provides subsidies, and EV users do not participate in VGI.



	    P 4    
	(N, N, N)
	saddle
	EV aggregators choose V1G strategy, the local government provides subsidies, and EV users participate in V1G.



	    P 5    
	(+, -, N)
	unstable
	EV aggregators choose V2G strategy, the local government does not provide subsidies, and EV users do not participate in VGI.



	    P 6    
	(N, N, N)
	saddle
	EV aggregators choose V2G strategy, the local government does not provide subsidies, and EV users participate in V2G.



	    P 7    
	(+, +, N)
	unstable
	EV aggregators choose V2G strategy, the local government provides subsidies, and EV users do not participate in VGI.



	    P 8    
	(N, N, N)
	saddle
	EV aggregators choose V2G strategy, the local government provides subsidies, and EV users participate in V2G.










 





Table 7. Parameter settings of different scenarios.
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	     r t     
	    Δ r    
	     r d     
	     f s     
	     r 1     
	     r 2     
	     E g     
	     C s     
	   n   





	Scenario 1
	0.4157
	0.12
	0.30
	0.2
	0.3
	0.50
	0.40
	1000
	5



	Scenario 2
	0.9586
	0.3886
	0.40
	0.3
	0.50
	0.4
	0.20
	1000
	5



	Scenario 3
	1.2288
	0.6036
	0.30
	0.4
	0.2
	0.2
	0.48
	800
	5



	Scenario 4
	0.965
	0.51
	0.5
	0.7
	0.1
	0.80
	0.73
	250
	15



	Scenario 5
	1.2623
	0.7
	0.4
	0.7
	0.1
	0.9
	1.50
	250
	5
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