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The large-scale access of distributed energy resources has a certain impact on the power grid, so distributed energy resources cannot participate in the power market transactions alone. The concept of the virtual power plant (VPP) has thus emerged, which can aggregate distributed power sources and controllable loads in a region for coordinated regulation. The trading of VPPs should not only consider the economy but also its degree of low carbon. Therefore, this paper constructs a unified bidding strategy for multi-VPPs that considers carbon–electricity integration trading. We design a multi-game trading strategy among multi-VPPs to achieve unified trading, after each VPP determines its internal trading strategy. Finally, through simulation, we verify that the multiple game strategy between multi-VPPs that considers carbon trading here proposed can effectively improve the efficiency and trading income of VPPs and promote the consumption of new energy.
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1 INTRODUCTION
Due to the fluctuating power output and high uncertainty of each distributed energy source, direct participation in grid dispatch and power trading is not possible (Huang et al., 2019). VPP can aggregate generation and consumption units in the region to form a “self-generating and self-consuming” whole (Liu et al., 1109) which can be self-sufficient and conduct two-way power trading with external interests (Wang et al., 2022a). It can conduct direct trading between VPPs or choose to trade with the grid, reducing power supply pressure on the main network and ensuring that renewable energy can be consumed locally (Shayegan-Rad et al., 2017).
At present, research on the trading of individual VPP is relatively mature (Feng et al., 2018). Improving the uncertainty that the system will face in ensuring that VPPs can participate in the medium and long-term electricity market can improve its robustness. In the current electricity market environment, the number of subjects that can participate in electricity trading is gradually increasing, and the competition is more diversified. Therefore, the influence of the bidding strategies of other competitors amongst multi-VPPs must be considered (Zhi et al., 2021). Aggregated electric vehicles with dual characteristics of energy storage and load use market clearing to characterize the relationship between other VPPs and their own strategies and use non-cooperative game method to conduct day-ahead transactions.
Existing trading models for VPPs tend to focus only on economic benefits and ignore the additional environmental costs incurred in the generation of electricity by the internal units of VPPs, and on the process of purchasing electricity, which can inhibit the carbon reducing potential of VPPs. Some literature has also studied the low-carbon operation of VPPs (Chu et al., 2023). Some has considered the coordination and optimization of the environment and economy in a single VPP trading model and reducing pollution caused by VPP operations (Zhao et al., 2020). Other literature has considered the uncertainty faced by the power system and the impact of carbon emissions on the conservatism of VPP bidding, building a low-risk VPP bidding model to analyze the impact of carbon emissions (Liu et al., 2023). A VPP low-carbon economic dispatch has been proposed that accounts for the user electricity consumption behavior considering carbon trading (Huang et al., 2022). The impact of carbon consumption constraints on VPP participation in electricity market bidding has been considered; the results demonstrate that carbon emission constraints can change the bidding strategies of VPPs.
Considering these problems and challenges, this paper will limit the carbon utilization in VPP operations based on stepped carbon trading so as to improve renewable energy consumption. First, it establishes a multi-VPPs model consisting of wind turbines (WTs), photovoltaic power generation (PV), energy storage systems (ESSs), micro-turbines (MTs), and controllable loads (CL) to study how they participate in integrated carbon–electricity trading. In the trading process, each VPP should consider not only its own trading strategy but also the impact of other participants’ trading strategies on itself. This paper designs a multiple game mechanism for multi-VPPs and uses a distributed solution method to determine the final game equilibrium solution. Finally, by setting different scenarios, the accuracy and rationality of the proposed method are verified. The following principal contributions we make are:
1) A stepped carbon trading mechanism is introduced into the power trading system of VPPs to form integrated carbon–electricity trading of multi-VPPs, thus reducing the system’s carbon emissions. At the same time, the introduction of a ladder-type carbon emission transaction strategy can improve the level of clean energy consumption.
2) We propose a multiple game trading mechanism among multi-VPPs which no longer uses a one-game approach with unstable game equilibrium points, as in previous studies. Non-cooperative and evolutionary games are introduced in the framework of a master–slave game.
3) For coordinated optimization problems between multiple regions, the use of distributed solution algorithms can greatly accelerate the iteration speed and improve the solution’s efficiency.
This article is organized thus: Section 2 focuses on the integrated carbon–electricity trading market for VPPs; Section 3 introduces a proposed multiple game model; Section 4 is the solution method; Section 5 performs the simulation analysis; Section 6 draws conclusions.
2 INTEGRATED CARBON–ELECTRICITY TRADING MODEL
2.1 Virtual power plant operation structure analysis
In traditional power systems, wind power, photovoltaic, and various types of loads participate independently in the market, and the grid lacks real-time awareness of each unit’s operating status (Li et al., 2020). The system cannot come to a unified dispatch and trading method due to distributed power resources, the power characteristics of differentiated loads, and the carbon emission level of each unit (Wang et al., 2022b). Building an integrated carbon–electricity market needs to rely on VPP to aggregate distributed energy, load, and energy storage systems in a certain region (Zhu et al., 2022). The structure of VPP operation is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Operation structure of typical VPP.
At the data level, each unit in a VPP needs to report internal data to the VPP control center (Dou et al., 2022), which then allocates the output and load of each generator unit and the response capacity of ESS according to the constraints of current user satisfaction, income, carbon emissions, and other objectives.
2.2 Characterization of integrated carbon–electricity trading market
Carbon trading is the trading of carbon credits as commodities. It is crucial to measure and count the carbon credits and also to monitor their non-reuse. Carbon credits flow together with electricity trading, and the credits and corresponding benefits are transferred together with the electricity (Zhang et al., 2017). The flow of an integrated carbon–electricity transaction in a VPP is shown in Figure 2.
[image: Figure 2]FIGURE 2 | Integrated carbon–electricity trading volume.
The trading features are.
1) No carbon emission is generated while WT and PV operate, and the VPP centralized control center can allocate the corresponding carbon emission to MT or sell them to obtain additional economic benefits (Liu et al., 2021);
2) If VPP invokes CL for demand response in the dispatch, it needs to give corresponding carbon credits to users as economic compensation.
2.3 Calculation of VPP stepped carbon trading cost
Regulatory authorities will first allocate a certain amount of free carbon emissions to each carbon emission source and ensure that total amounts decrease annually (Liu, 2022). Each VPP will formulate and adjust the scheduling and bidding plan according to the allocated amount. Therefore, there are two situations in the process of carbon trading by VPPs (Chen et al., 2021b): the first is that the actual amount of carbon emissions generated in the VPP scheduling is more than the free quota allocated by the regulatory authority, so the VPP needs to pay for the excess in the market; in the second case, when the actual amount of carbon emissions generated in the VPP scheduling is less than the given free quota, the manufacturer can sell the remaining quota on the carbon trading market and obtain the corresponding income according to the current carbon trading price (Zhang et al., 2020).
Unlike the traditional carbon trading approach, a stepped carbon trading mechanism further motivates power producers to reduce emissions by linearizing the carbon price in segments. The cost of carbon emissions exceeding a certain amount of carbon quotas will be penalized according to the amount exceeded, thus prompting them to adjust their power generation strategies or introduce low-carbon technologies. The stepped carbon trading mentioned in this study principally comprises three parts: initial carbon emission quota, actual carbon emissions of operators, and carbon trading costs.
2.3.1 Initial carbon emission quota model
Generally speaking, the electricity purchased by a VPP from the external network comes from thermal units (Guotao et al., 2021). This makes two major sources of carbon emissions in the operation of VPP: MT and the electricity purchased from the external network. At present, China’s carbon trading policy is mainly based on the free quota of the actual power generation of the manufacturer, so the determination by the regulatory authority of the carbon emission quota of the VPP operator by two sources is expressed thus:
[image: image]
Here, T is the dispatch period; [image: image], [image: image], and [image: image] are the power output of the corresponding unit at time t; [image: image] is the free carbon emission allowances for VPP operators set by the regulator; [image: image] is the carbon emission allowances of the production of per unit electricity; and [image: image] is the purchased power by the VPP from the main network at time t.
2.3.2 Actual carbon emissions model
According to the power network carbon emission calculation method, the actual carbon emissions generated by a VPP during the dispatch process are determined as
[image: image]
Here, [image: image] is the amout of actual carbon emission by the VPP; [image: image] and [image: image] are the carbon emission factor of per unit active output of thermal power units and MT, respectively.
2.3.3 Stepped carbon trading cost model
Compared with the traditional unified pricing mechanism, this paper adopts a stepped carbon trading pricing model to achieve further control carbon emission reduction. Under this mechanism, carbon emissions are divided into multiple intervals (Liu et al., 2022). For intervals with higher carbon emissions, the unit carbon emission price and the carbon compensation cost will be higher. The specific calculation formula is as follows:
[image: image]
Here, [image: image] is the carbon trading cost to be paid by VPPs; [image: image] is the market benchmark price of carbon emissions; l is the interval length of each carbon emission interval; and [image: image] is the growth rate of the stepped carbon trading price.
2.4 Objective function
Costs include two items: VPP operating costs [image: image] and carbon trading costs [image: image].
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Here, [image: image], respectively, denote the operating costs of WT, PV, ESS, and MT in VPPk; [image: image] denote the direct power trading costs between VPPk and other VPPs, and between VPPk and the main grid; and [image: image] denotes the compensation cost of VPPk calling CL. Among these, the operation cost function of each unit is the same as that in the traditional way and will not be repeated.
2.5 Constraint condition
2.5.1 Power balance constraint

[image: image]
Here, [image: image] is the load after VPPk scheduling optimization at moment t; [image: image] is positive when the energy storage system is charging and negative when it is discharging; and [image: image] is the power sold by VPP to the main network at time t.
2.5.2 Renewable energy output constraints

[image: image]
Here, [image: image] and [image: image] are the upper limits of WT and PV output of VPPk, respectively.
2.5.3 Energy storage system constraints
For the ESS, its first priority is to meet the charging and discharging power without exceeding the limit:
[image: image]
Here, [image: image] and [image: image] are the lower limit and upper limits of ESS power of VPPk, respectively.
The internal storage power of ESSk is
[image: image]
At the same time, its state of charge must also meet certain constraints:
[image: image]
Here, [image: image] and [image: image] denote the charging and discharging efficiency of the ESS, respectively; b denotes charging and discharging state: 0 when charging, 1 when discharging; and [image: image] denote the initial and termination power of the ESS in one dispatching cycle, respectively.
2.5.4 Interaction power constraint
This equation includes direct interactive power constraints between VPPs and interactive power constraints between VPPs and the grid:
[image: image]
2.5.5 MT output and climbing constraint

[image: image]
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Here, [image: image], [image: image] are the upper and lower limits of MT unit output, respectively; [image: image], [image: image] are the downward and upward climbing power of the MT unit, respectively.
3 MULTI-GAME MODEL FOR MULTI-VPPS
Based on the optimal results of each VPP in the first stage, the supply–demand ratio (SDR) coefficient is introduced to distinguish between power-sale VPP and power-purchase VPP.
[image: image]
[image: image]
Here, [image: image] is the electricity supply of VPPk in time period t; [image: image] is the whole electricity demand of VPPk in time period t; and [image: image] is the renewable energy output of VPPk in time period t; during period t: if [image: image], define the VPPk as power-purchase VPP, if [image: image], define the VPPk as power-sale VPP.
3.1 VPP utility function
3.1.1 Power-sale VPP utility function
The power-sale VPP obtains economic benefits by selling excess power to the load side and the power-purchase VPP, whose utility function can be expressed as
[image: image]
Here, [image: image] is the satisfaction coefficient of the demand side of the power-sale VPP; [image: image] is the power trading strategy of the power-sale VPP—electricity price in t period; and [image: image] is the interactive electricity of VPPj participating in VPP direct trading.
3.1.2 Power-purchase VPP utility function
The internal power supply of the power-purchase VPP is insufficient to meet its own internal demand, so it needs to purchase the corresponding demand from the power-sale VPP. The utility function of the power-purchase VPPi choosing the power-sale VPPj to purchase power at time t can be expressed as
[image: image]
Here, [image: image] is the satisfaction coefficient on the demand side of the power-purchase VPP.
3.2 The evolutionary game between power-purchase VPP
After comprehensive evaluation of its electricity price information, the power-purchase VPP selects the best source for electricity trading. Power-purchase VPPs must constantly adjust their selection strategies to form an evolutionary game, which takes the following form.
The selection strategy of a power-purchase VPP at the time of power purchase can be expressed by the probability [image: image] of power-purchase VPPi choosing power-sale VPPj to purchase power at time t. The ultimate goal is to maximize the utility function of power-purchase VPPi.
In the evolution process, a correction factor [image: image] is introduced to denote the proportion of power-purchase VPPi shifted from the selection of power-sale VPPm to power-sale VPPj in time period t. The modified protocol of the dynamic evolutionary game can be formulated as
[image: image]
The dynamic evolution equation of power-purchase VPP is
[image: image]
The power-purchase VPP group reaches evolutionary equilibrium when [image: image]; that is, [image: image].
3.3 The non-cooperative game among power-sale VPPs
When the trading between the power-sale VPP and the power-purchasing VPP begins, the utility of each power-sale VPP depends not only on its own reported trading strategy and the power-purchasing VPP’s selection strategy but also on the published electricity prices of other power-sale VPPs—the process of publishing electricity selling prices by the power-sale VPP can be described by the non-cooperative game model.
The power-sale VPP chooses the power sales price [image: image] at time t as its game strategy when playing the power sales game, with the final goal of optimizing the utility function of the power-sale VPPj. From Eq. 17, the optimal purchased electricity for power-purchase VPPi in time period t is
[image: image]
The total amount of electricity purchased by power-purchase VPPi from power-sale VPPj in time period t is
[image: image]
Therefore, the utility function of the power-sale VPP can be expressed as
[image: image]
In the process of the game, each VPP changes its pricing strategy according to the aforementioned utility function until the utility is optimal; the game reaches equilibrium when all power-sale VPPs cannot benefit from changing their strategies.
3.4 The master–slave game between power-sale VPP and power-purchase VPP
Figure 3 shows the overall game framework for multi-VPPs. The power-sale VPP changes its pricing according to the market situation, so as to guide the power-purchase VPP to make trading choices and feed them back to the power-sale VPP, which updates its pricing according to its latest utility function and the power-purchasing VPP’s strategy, thus ultimately maximizing the benefits of both parties. In this case, there is a certain sequence of participants in the electricity market when making corresponding decisions, and this behavior can be described by a follower–leader game model, with the power-sale VPP as the leader and the power-purchase VPP as the follower.
[image: Figure 3]FIGURE 3 | Game structure diagram of multi-VPP system.
Both the power-purchase VPP and the power-sale VPP need to participate in the follower–leader game, and the strategy sets of both are still the power sale price of the power sale-VPP and the power purchase choice state of the power-purchase VPP. The objective of the game is still to optimize the utility function of both players.
The strategy set of the leader power-sale VPP can be expressed as
[image: image]
Here, [image: image] is the vector of electricity price strategies published by the power-sale VPPj.
The strategy set of the follower power-purchase VPP can be expressed as
[image: image]
Here, [image: image] is the probability vector that power-purchase VPPi chooses power-sale VPPj.
The objective of the master–slave game model is to optimize the utility of both the power-sale VPP and the power-purchase VPP. After the power-sale VPP releases selling price information [image: image], the power-purchase VPP can find an equilibrium strategy to optimize its own utility, which is expressed by [image: image], and feed it back to the power-sale VPP. The power-sale VPP determines its optimal electricity price strategy set [image: image] according to its own utility function and the optimal response strategy of the power-purchase VPP, so the Nash equilibrium solution of this master–slave game can be expressed by ([image: image]).
4 MULTIPLE GAME SOLVING PROCESS
For the proposed multiple game model, this paper adopts a parallel distributed solution method; the solution process is shown in Figure 4.
[image: Figure 4]FIGURE 4 | Flowchart of multiple game solution.
Step 1. As the leader of the master–slave game, the power-sale VPP first transmits initial price information to the follower power-purchase VPP.
Step 2. The power-purchase VPP makes decisions on its own power purchasing selection status according to the leader’s strategy and continuously updates it until the evolutionary game reaches equilibrium to obtain its optimal utility. The evolutionary game equilibrium solution is solved as follows:
1) Power-purchase VPPi selects a power-sale VPP according to the leader’s strategy and calculates the optimal power purchase and power consumption utility of the power-purchase VPP according to Eq. 20 and Eq. 17, respectively.
2) Discretize Eq. 19 as follows:
[image: image]
Here, m is the number of iterations of the evolutionary game; [image: image] is the iteration step size.The power-purchase VPP updates the power purchase status by Eq. 25;3) Judge whether the power purchase strategy reaches the evolutionary equilibrium. If it reaches equilibrium state, go to Step 3, otherwise return to 1); Step 3: According to the results of Step 2, each power-sale VPP obtains the optimal power selling price through a non-cooperative game. The non-cooperative game solving process is as follows: 
1) Calculate the total amount of power purchased by power-purchase VPPi from power-sale VPPj and the own utility of power-sale VPPj in time period t according to Eqs 21, 22.
2) The power-sale VPPj updates its own price strategy through Eq. 26.
[image: image]
Here, n is the number of iterations of the non-cooperative game; [image: image] is the iteration step size.3) Judge whether the power-sale VPP strategy reaches equilibrium. If it reaches equilibrium state, go to Step 4, otherwise return to 1); Step 4: Judge whether the system master–slave game reaches equilibrium. If so, stop the iterative solution and output the result, otherwise return to Step 2.
5 CASE STUDIES
5.1 Basic data
In this paper, we established a multi-VPPs system consisting of five VPPs. The total output of WT and PV in each VPP, load situation, and the unit purchase price of electricity from the VPP to the main network is shown in Figure 5. The price range of VPP electricity sales specified by the electricity sales market is [0.3,1.2]; the price of electricity trading from VPP to main grid is shown in Table 1. In the stepped carbon trading model, μ is set at 280 yuan/t, l is set at 2t, and α is set at 25%.
[image: Figure 5]FIGURE 5 | Forecasting curves of renewable energy output and load demand.
TABLE 1 | Electricity purchase and sale price from VPP to main network.
[image: Table 1]5.2 Model simulation results
In order to verify the effectiveness of the stepped-type carbon trading model designed in this paper in the operation of VPP, we set up four different models. Model 1 is the traditional carbon trading model in which the carbon trading range is not divided, and the CO2 exceeding the carbon emission quota is directly settled at the initial carbon trading price. Model 2 is still the traditional carbon trading model, but the benchmark price is set at 320 yuan/t. Model 3 is a stepped carbon trading model without considering the carbon emission cost. In the objective function, only the operating costs and power purchase costs of each unit in the VPP are considered. Model 4 comprehensively considers the stepped carbon emission cost and VPP operation cost for economic and low-carbon enhancement. Taking VPP1 as an example, the operation results of these four scenarios are shown in Table 2.
TABLE 2 | Operation results of these four scenarios of VPP1.
[image: Table 2]Model 1 has the lowest total cost among the four models because it adopts the traditional carbon trading mechanism with a uniform benchmark price for carbon emissions; however, its energy saving and emission reduction potential is not fully exploited, and there is a certain amount of new energy output within the VPP that cannot be absorbed. In Model 2, since the benchmark price is no longer used for carbon emissions, the total cost of the VPP increases significantly. Although the unit operation cost of Model 3 is the lowest of the four models, huge amounts of CO2 are emitted because carbon transaction costs are not considered in the scheduling process which require VPP operators to pay high carbon emission costs. After Model 4 divides the carbon emission range, the carbon emission of VPP is significantly reduced compared with the traditional model.
According to the operational comparison of models 1 and 4 in Table 2, the carbon emission cost increases after adopting the stepped carbon trading scheduling strategy, but the carbon emission decreases by 1,206.7 kg. This is because the carbon emission interval is strictly divided after adopting the stepped carbon trading model. With the gradual increase in carbon emissions, the carbon emission price faced by VPP operators will increase exponentially, greatly limiting the call of carbon sources. Although the total cost is slightly higher for VPP operators, it promotes the absorption of internal “abandoned wind and light” and generally achieves the goal of low-carbon economic operation.
We can take VPP1 (PV) and VPP5 (WT) as examples to draw the day-ahead resource scheduling curve as shown in Figure 6. From the internal supply and demand relationship of each VPP in each period, the required external interactive power can be obtained, thus introducing the trading strategy proposed in this paper.
[image: Figure 6]FIGURE 6 | Day-ahead dispatching results.
In Figure 6, the PV output of VPP1 shows a peak trend during the time of high light intensity (7–17), and the demand response call is less then; VPP5, which is dominated by wind power output, charges during the time of low load demand and peak wind power output at night, and its energy storage system charges for three periods in 24 h per day. Thus, the VPP energy storage system, while meeting its own load demand through charging, sells excess power to other VPPs to promote the balance between the supply and demand of the system and improve the system's overall economic effectiveness.
In each dispatching time period, the five VPPs are divided into power-sale VPP and power-purchase VPP according to the SDR of each VPP. When the multiple games reach the equilibrium state, each VPP will decide different power sales prices for each time period, and the probability that the power-purchase VPP selects the power-sale VPP is also different. Figures 7, 8 show the sale prices of the power sales VPPs at time t and the probability distribution of each power-sale VPP being selected by the power-purchase VPPs, respectively.
[image: Figure 7]FIGURE 7 | Electricity sale price of power-sale VPPs in t period.
[image: Figure 8]FIGURE 8 | Probability of power-sale VPPs to be chosen to purchase electricity in t period.
Taking time periods t = 2, t = 12, and t = 18 as examples, it can be seen from Figure 7 that only VPP5 is a power-sale VPP in time period 2, and VPP5 delivers power to the remaining four VPPs while satisfying its own load. The power-sale VPPs in time period 12 are VPP1 and VPP3; at t = 18, all five VPPs are in the state of power purchase. During this period, there is no power interaction between VPPs, and only power is purchased from the main network. It can be seen that, in 24 time periods of a day, each VPP can present different states, and its internal available power can be consumed by interacting with other VPPs when there is a surplus state.
From Figures 7, 8, it can be seen that the power-purchase VPPs prefer a power-sale VPP with low power selling prices, but it can be observed that the probability of the power-purchase VPPs choosing the power-sale VPP with the lowest price at t = 10, t = 12, t = 14, and t = 16 is not the highest.
Taking t = 10 as an example, it can be seen from Tables 3, 4 that the optimal electricity price issued by VPP1 is lower than that of VPP4, but the probability of the power-purchase VPPs choosing VPP1 is 0.4819, which is lower than the probability of choosing VPP4 by 0.5181. It can be seen that, during the dispatching process of the system, the electricity price is not the only factor to be considered by the power-purchase VPP when choosing the power sales VPP but also the influence of the controllable load call and its own load demand on the strategy.
TABLE 3 | Resource allocation of each VPP in t = 10 period.
[image: Table 3]TABLE 4 | Selection strategy of power-purchase VPP in t = 10 period.
[image: Table 4]When t = 3, the convergence process of the probability of each power-sale VPP being selected when the power-purchase VPP purchases electricity is shown in Figure 9. It can be seen that the probability of each power-sale VPP being selected can converge to the equilibrium value quickly; that is, the dynamic selection behavior of the power-purchase VPP can reach the evolutionary equilibrium state in a short time.
[image: Figure 9]FIGURE 9 | Probability convergence process of selecting power-sale VPP to purchase electricity.
In order to verify the rationality of the proposed multiple game trading strategy for multi-VPPs considering carbon trading model, two different operation scenarios were set to analyze the multi-VPPs trading cost results.
Scenario 1: the multi-VPPs trading model with carbon trading market described in this paper, while the trading between multi-VPPs is based on the traditional method.
Scenario 2: the multi-VPPs trading model with stepped carbon trading market described in this paper and multiple game strategies among multi-VPPs are constructed.
By comparing Scenario 2 (considering multiple game strategy) with Scenario 1 (conventional game strategy) in Table 5, the total cost of carbon trading and multi-VPP system operation are reduced by 2,434 yuan and 4.873×104 yuan, respectively. Therefore, if there is no electric energy interaction among the VPPs, as soon as the power in the VPP cannot meet its own internal electricity demand, only purchasing power from the main network increases the operating cost of VPP system, which makes the main network face the huge pressure of electricity supply. this shows that, when the resource allocation among the subjects in the multi-VPPs is carried out through the game idea, the resource utilization rate of VPP can be improved, and the carbon transaction cost of the system can be reduced to promote the economic operation of the system.
TABLE 5 | VPP scheduling cost in different scenarios.
[image: Table 5]6 CONCLUSION
In this paper, we analyzed a multi-VPPs unified trading strategy considering integrated carbon–electricity trading and proposed a new multiple game strategy among multi-VPPs, in which a non-cooperative game between power-sale VPPs is prioritized to determine the power sales price, and then an evolutionary game is played among power-purchase VPPs to make the choice of power purchase objects according to the power price strategy at this time. This will reduce pollution levels from VPP operations while increasing the benefits of VPP operations. After the corresponding case analysis, the following results are obtained.
1) Under the carbon trading mechanism, the multi-VPP system trading model with wind and photovoltaic is considered, which effectively promotes the consumption of renewable energy and achieves the goal of system economic operation.
2) From the perspective of multiple power-sale VPPs and multiple power-purchase VPPs, a multiple game trading strategy is adopted to improve the safe and stable operation of the system, which in turn has a positive effect on the coordinated distribution of benefits among the various entities in the system.
3) For multi-VPPs unified trading in multiple regions, a parallel distributed solution strategy is chosen in this paper, which can greatly accelerate the solution speed and avoid large amounts of computation.
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