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With the continuous and rapid growth of electric vehicle (EV) ownership, a large number of disorderly charging loads accessed to the regional grid may lead to problems such as widening of the peak-to-valley load difference and deterioration of power quality. This study proposes an optimal EV charging and discharging regulation strategy based on dynamic regional dispatching price to give full play to the EV vehicle-to-grid (V2G) regulation potential and reasonably regulate EV charging and discharging behavior to ensure safe, high-quality, and economic operation of the grid. First, the EV travel chain model is constructed according to the travel behavior pattern of EV users to obtain the spatial and temporal distribution characteristics of EV charging and discharging loads. Second, considering the difference in regional grid operation states, a dynamic update strategy of regional dispatching price integrating power grid spatial and temporal information is proposed. Furthermore, considering the characteristics of EV mobile energy storage and user demand, an EV V2G optimal regulation model that takes into account the interests of distribution system operators, EV aggregators, and EV users is established to effectively guide the regulation of EV charging and discharging behavior. Finally, the simulation results show that the proposed strategy can effectively reduce the load deviation of each regional grid, operation cost of EV aggregators, and charging cost of EV users and significantly improve the safety and economy of the power system.
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INTRODUCTION
With the continuous progress of human society and the rapid development of the world economy, the problems of energy depletion and environmental pollution caused by the continuous increase in energy demand are gradually receiving attention and importance (Schirone and Pellitteri, 2017; Fang et al., 2019). Electric vehicles (EVs) have been rapidly developed and popularized due to their significant advantages of energy efficiency, low carbon and environmental protection, and the number of ownerships continues to rise. The social, economic, and environmental benefits of transportation electrification are becoming increasingly significant (Cui et al., 2021). However, the disorderly charging behavior of a large number of EVs may bring problems to the grid such as line and transformer overload, widening of load peak–valley difference, and deterioration of power quality, which bring great challenges to the safe, high-quality, and economic operation of the power system (Shao et al., 2017; Chen et al., 2018). In addition, in the context of the rapid development and application of vehicle-to-grid (V2G) technology, an EV has the dual attributes of source and load and has great potential to smooth out grid load fluctuations, improve grid power quality, participate in grid auxiliary services, and improve the economic efficiency of users as a highly flexible mobile energy storage unit (Chen et al., 2019; Wu et al., 2019; Lo et al., 2021). Therefore, reasonable charging and discharging regulation can effectively alleviate the negative impact of EV charging load on the grid and improve the safety and economy of power system operation (Zhang et al., 2017).
At present, in a relevant research study on the optimal regulation strategy of electric vehicle V2G, Zhou et al. (2017) classified EV V2G scheduling application scenarios into renewable energy integration, provision of auxiliary services, and demand-side active participation in the electricity market and proposed a robust energy scheduling method for electric vehicle V2G to effectively shift peak loads and reduce total system operating costs. Tabatabaee et al. (2017) aimed to minimize the grid operation cost, established a collaborative dispatch model of EV and new energy generation, and improved the grid operation economy through V2G technology. Wang et al. (2020) established an optimal market bidding model for virtual power plants considering large-scale EVs based on the EV V2G feasible domain, which significantly improved the operation economy of virtual power plants. Chandra Mouli et al. (2019) combined the characteristics of building photovoltaic (PV) power generation and EV charging/discharging behavior and proposed an EV charging and discharging energy management strategy based on the grid dynamic electricity price, which reduced the cost of EV charging and improved the system economy. Chen et al. (2020) took into account the mobility characteristics of different EV clusters and established an EV V2G scheduling strategy with the objective function of smoothing grid load fluctuations, which promoted renewable energy consumption and improved safe and economic system operation. With the goal of smoothing load fluctuations and improving EV users’ revenue, Li et al. (2021) proposed an EV scheduling strategy based on user behavior to improve system operational safety and economy. However, the aforementioned research only considered the interests of one or two stakeholders among the distribution system operator (DSO), EV aggregator (EVA), and EV users. In fact, ensuring multi-stakeholder profits and win–win situation for DSO, EVA, and EV users is the premise to encourage EVs to actively participate in the optimal regulation of charge and discharge.
At the same time, in a relevant research study on EV orderly charging and discharging strategies based on the electricity price signal, Duan et al. (2020) dynamically updated the electricity price signal according to the number of EVs in the charging station and proposed an EV charging scheduling method based on a smart contract to ensure stable operation of the grid. Aiming at maximizing the revenue of charging stations, Cheng et al. (2018) proposed an orderly charging method for EVs based on a time-of-use (TOU) price signal, which significantly improved charging station revenue but had a limited effect on smoothing load fluctuations. Zhou et al. (2020) considered time sensitivity of EV users and proposed an EV charging and discharging scheduling model based on the dynamic electricity price mechanism to save users’ charging costs. Based on the time-sharing tariff mechanism, Pan et al. (2019) proposed a real-time optimal scheduling strategy for EV charging that took into account the interests of the DSO, EVA, and EV users, effectively smoothed load fluctuations, reduced operating costs, and improved users’ satisfaction. Based on the evaluation results of EV charging load shifting potential, Gan et al. (2020) quantified the impact of the TOU price mechanism on EV charging load transfer and realized the reasonable transfer of EV charging load based on the TOU price mechanism. However, the aforementioned research on electricity price signals mainly focuses on the time dimension, through changing the temporal distribution of EV charging power to achieve the corresponding goals. There are few EV orderly charge and discharge guidance strategies based on the electricity price signal in spatial and time dimensions. In fact, there are some differences in the grid infrastructure and operation states of each spatial region of the power system. On the one hand, the regional grid unified electricity price signal mechanism is difficult to give full play to the EV V2G regulation potential, and on the other hand it may lead to the unreasonable spatial distribution of EV charging and discharging loads and overloading of lines and transformers in local areas.
In addition, in the relevant research study based on the temporal and spatial pricing mechanism, the locational marginal pricing (LMP) can alleviate the distribution network congestion caused by EV load (Ma et al., 2016; Liu et al., 2018). Li et al. (2014) proposed an EV optimal charging strategy based on distribution LMP (DLMP), which can effectively alleviate the power grid congestion. Hu et al. (2019) proposed an optimal scheduling strategy for load aggregators based on DLMP with an iterative approach to effectively solve the bidirectional blocking problem in distribution networks. Although LMP is the most accurate pricing method, it is quite sensitive to distribution network structure, network constraints, and load level. The actual implementation is very complicated, and it is difficult to obtain the data of each node and complete the node marginal price calculation and online decision-making in the distribution system with a large number of nodes in real time, which has certain limitations (Singh and Srivastava, 2005). Therefore, the resource dispatching regional pricing mechanism as a simplified way of LMP is more in line with the needs of the engineering practice, with higher operational flexibility and easier to achieve distribution network load management.
Thus, this study proposes an optimal regulation strategy for EV V2G based on dynamic regional dispatching price. First, an EV travel behavior simulation and prediction model is constructed based on the travel chain theory to obtain the spatial and temporal distribution characteristics of EV charging and discharging loads. Second, considering the differences in regional grid operation states, a dynamic regional dispatching price update strategy integrating the spatial and temporal information of the grid is proposed. Furthermore, an EV V2G optimal regulation model is established based on dynamic regional dispatching price taking into account the EV mobile energy storage characteristics and user demand as well as the interests of DSO, EVA, and EV users. Finally, the IEEE-33 node system is used as an example for simulation analysis to verify the effectiveness of the proposed strategy in this study. The results show that the proposed regulation strategy can effectively reduce the regional grid load deviation, the operating cost of EVA, the charging cost of EV users, and effectively improve the safety and economy of the system.
The main contributions and salient features of this study are as follows:
1) Considering the battery energy risk awareness and the uncertainty of leaving of EV users in advance, an EV-guaranteed energy adaptive adjustment method based on the regulation time is proposed to ensure the electricity demand of users and illustrate the impact of different guaranteed electricity energy on the regulation effect of EVs.
2) A dynamic update strategy of regional dispatching price based on the regional grid operation states and EV on-grid rate is proposed. Then, considering the users’ features in 1), an EV V2G optimal regulation model based on regional flexible pricing is established, and the cost–benefit analysis model is used to optimize the profit of each stakeholder. The superiority of the proposed strategy is verified by comparing with the classical tariff signals in current works. Therefore, the proposed flexible dispatching price strategy has great application potential in guiding EV orderly charging and discharging behavior.
V2G REAL-TIME OPTIMIZED REGULATION ARCHITECTURE
With the development and wide application of technologies such as the Internet of Things, big data, and cloud services, the comprehensiveness and timeliness of information interaction have been greatly satisfied. In this context, the massive data between DSO, regional EVA, and EV users will interact in real time, and then the multidimensional data information of the system can be integrated to formulate the EV V2G charging and discharging regulation strategy. The electric vehicle V2G real-time optimal regulation architecture proposed in this study is shown in Figure 1, including the V2G real-time optimal regulation framework and energy and information flow among various stakeholders. In Figure 1, EV regulation cloud service (CS) is a non-profit organization to achieve the goal of optimal operation of the whole system. It is mainly responsible for the centralized interaction of various stakeholders’ information, regional dispatching price update, and EV regulation strategy formulation. DSO is one of the stakeholders, aiming at minimizing the active load deviation of the grid and smoothing the active load fluctuation. It is mainly responsible for the regional base active load and EV users’ supply and sales services. The regional EVA is the main executor of the V2G regulation scheme, aiming to minimize the operating cost and mainly responsible for regulating the charging and discharging behavior of regional EVs. EV users are the basis of the V2G regulation framework. It aims at minimizing the charging cost, meeting the power demand of vehicles, and realizing low charging costs.
[image: Figure 1]FIGURE 1 | V2G real-time optimal regulation framework.
This study adopts an incentive contract approach to regulate EVs in the system. The incentive contract approach means that the EVA and the EV user sign an incentive contract agreement in which the EV user grants the regulation right to the EVA and the EVA can freely regulate the charging and discharging behavior of authorized EVs to achieve its goal within certain restrictions, while the EVA will provide the EV user with a certain charging discount. Under the proposed regulation framework, CS communicates directly with the DSO and the regional EVA in a bidirectional manner, and based on the collected state information of DSO, EVA, and EV users, CS dynamically updates DSO’s discharge incentive price and EVA’s charging service fee. An EV charging and discharging regulation strategy is formulated to maximize the safety and economic benefits of the whole system considering the interests of DSO, regional EVA, and EV users. Then CS communicates the regulation scheme to DSO and regional EVA, and the regional EVA directly regulates the charging and discharging behavior of regional grid–connected EVs according to the regulation scheme. In this process, the system meets the total requirement of large-scale EV response power and realizes fast charging and discharging behavior regulation of a large number of EVs.
ELECTRIC VEHICLE CHARGING AND DISCHARGING REGULATION MODEL CONSIDERING MULTIPLE STAKEHOLDERS
Spatial and Temporal Distribution Characteristics of EV Charging Demand
Electric Vehicle Travel Chain Model
The travel chain model is an effective method to describe the travel behavior patterns of EV users (Chen et al., 2015), involving a large number of spatiotemporal characteristic variables such as travel time, travel purpose, and travel sequence. The EV travel chain model is divided into two parts: the time chain and the space chain. The time chain describes the time distribution of user travel, including time variable information such as the first travel time, travel time, arrival time, and departure time, and the space chain describes the spatial transfer of user travel, including travel purpose, travel distance, travel order, and other space information.
According to the difference in the functional properties of the block within the system area, the system area can be divided into office region (O), business region (B), and home region (H). The starting and ending locations of each EV travel chain are supposed to be home regions. Each EV can travel among different functional regions, and the travel chain structure is determined based on the respective travel demand, the number of travel activities, and their travel order. The UK National Travel Survey (NTS) is a household survey of personal travel by residents of England traveling within Great Britain, from data collected via interviews and a 7-day travel diary, which enables analysis of patterns and trends (UK Department for Transport, 2019). Thus, based on the 2019 UK NTS database statistics and the Monte Carlo Markov chain (MCMC) method, this study generates the travel chain model for EVs, including simple and complex travel chains such as H→O→H, H→B→H, and H→O→B→H. Among them, the H→O/B→H travel chains structure represents the travel process of EV users starting from the home region to the office/business region and finally returning to the home region. The analysis of the H→O→B→H travel chain structure is the same.
According to the 2019 UK NTS database (UK Department for Transport, 2019), the probability density functions of EV arrival time, departure time, and initial state of charge (SOC) can be fitted by a normal distribution, as follows:
[image: image]
where [image: image], [image: image], and [image: image] represent the EV arrival time, departure time, and initial SOC, respectively.
Electric Vehicle Charging Demand Model
In the process of EV charging and discharging regulation, users’ behavior features will directly affect EV charging demand to an extent. That is, users have a certain risk awareness of EV battery’s electricity energy and hope that EV’s battery energy will be available when leaving in advance. Therefore, considering that the probability of EV leaving early gradually increases with the regulation time, the lower limit of EV SOC is adaptively adjusted according to the regulation time, as shown in Figure 2. Thus, the charging demand of a single EV is presented by Eq. 2, and the battery SOC boundaries and the regulatory region are shown in Figure 3.
[image: image]
where [image: image] is the SOC of the nth EV in region i at time t; [image: image] and [image: image] are the charging and discharging power of the nth EV in region i at time t, respectively, where the home region and the office region are slow charging and slow discharging, and the business region is fast charging and fast discharging; [image: image] and [image: image] are the EV charging and discharging efficiencies, respectively; [image: image] is the battery capacity of a single EV; [image: image] is the off-grid minimum expected SOC of the nth EV in region i; [image: image] and [image: image] are the upper and lower SOC limits of the nth EV battery, respectively; [image: image] is the lower limit of the nth EV battery SOC base; [image: image] and [image: image] are the arrival time and departure time of nth EV, respectively; [image: image] is the SOC-guaranteed lower limit growth factor, which is taken as 1.5 by default; and [image: image] is the regulation time interval.
[image: Figure 2]FIGURE 2 | Schematic diagram of upper and lower limits of battery SOC of EV.
[image: Figure 3]FIGURE 3 | SOC boundaries of a single EV.
In Figure 3, the area enclosed by ABCFED represents the power and energy regulatable range of a single EV, the path ABC represents the disorderly charging curve, the slope of the straight line AB corresponds to the maximum charging rate [image: image] of a single EV, AD represents the EV initial discharge curve, the slope corresponds to the maximum discharging rate [image: image] of a single EV, and the line EF represents the forced charging curve before EV leaves the grid.
Electric Vehicle Charging and Discharging Regulation Model
Based on the regional flexible dispatching electricity price signal, the EV charging and discharging regulation model takes DSO, EVA, and EV users’ interests as the comprehensive optimization objective function and selects the charging and discharging power [image: image] and [image: image] of a single EV as the decision variables.
Distribution System Operator Objective
The DSO stakeholder is optimized to minimize load deviations, as follows:
[image: image]
where T is the regulation period; I is the number of functional regions, meaning the number of EVAs is also I; [image: image] is the basic active load of region i at time t; and [image: image] is the total EV charging and discharging power of region i at time t and [image: image] is the average active load in region i, expressed as follows:
[image: image]
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where [image: image] is the nth EV charging and discharging power in region i at time t, with positive values indicating charging power and negative values indicating discharging power; [image: image] is the number of EVs accessed to the grid in region i at time t.
EV Aggregator Objective
The EVA stakeholder is optimized to minimize operating costs, as follows:
[image: image]
where [image: image], [image: image], and [image: image] are the EVA power purchase cost, incentive cost, and reserve revenue, respectively, expressed as follows:
[image: image]
where [image: image] is the grid electricity price of region i at time t; [image: image] and [image: image] are the EV charging and discharging prices, respectively, and its development update strategy is presented in Section 3.3.1; [image: image] is the incentive strength given by the regional EVA to EV users; [image: image] is the electricity price for EVs to provide rotating reserve services; [image: image] and [image: image] are the up and down reserve power provided by the nth EV at time t, respectively, to cope with the decreasing and increasing grid frequency.
Electric Vehicle User Objective
The EV user stakeholder is optimized to minimize charging and discharging costs, including charging costs and battery degradation costs, as follows:
[image: image]
where [image: image] and [image: image] are the EV users charging cost and EV battery degradation cost, respectively.
1) EV users charging cost
[image: image]
2) EV battery degradation cost
The frequent cyclic charging and discharging behavior of EV battery will bring about the problem of battery degradation, and the cost of battery degradation will directly affect the EV charging and discharging decision. Thus, it is necessary to consider the battery degradation cost in the EV charging and discharging regulation process, and the battery life is often related to factors such as the number of charge–discharge cycles and depth of discharge. Neubauer and Wood (2014) gave the relationship between the life of lithium battery and the number of cycles, and the relevant data are provided by the battery manufacturer. The corresponding battery degradation cost based on the approximate rainflow counting method (Kazemi and Zareipour, 2018) is presented by Eq. 10.
[image: image]
where [image: image] is the battery acquisition capital cost; [image: image] is the lifespan of the EV battery, which is affected by the EV charging and discharging behavior, as follows:
[image: image]
where [image: image] is the maximum number of full cycle to failure, [image: image] is the full cycle equivalent of the partial cycle, [image: image] is the partial cycle of nth EV battery of region i at time t, and [image: image] is a constant in the range of 0.8–2.1.
Model Comprehensive Optimization Objective
In summary, the proposed model in this study is a multi-objective optimization problem. To fully reflect the importance of each objective and facilitate the solution of the model, the objectives of each stakeholder are normalized and then linearly weighted by the weighting coefficient method, and the comprehensive optimization objective function of this model is obtained, as shown in Eq. 12.
[image: image]
where ω1, ω2, and ω3 are the weight coefficients of DSO, EVA, and EV users’ optimization objectives, respectively, which are flexibly determined by CS according to the importance and priority of optimization objectives. In this study, taking into account the interests of all stakeholders and based on the normalization process, ω1, ω2, and ω3 are taken as 7 × 10–8, 4.5 × 10–4, and 5 × 10–4, respectively.
Model Constraints
The constraints of the objective function are listed as follows.
1) EV charging and discharging constraints
[image: image]
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where [image: image] and [image: image] are the maximum and minimum charging power of the nth EV in region i at time t, respectively; [image: image] and [image: image] are the maximum and minimum discharging power of the nth EV in region i at time t, respectively; and [image: image] and [image: image] are the charging and discharging marks of the nth EV, respectively, which are 0–1. [image: image] = 1 means the EV is in charging state, while [image: image] = 0 means the EV is not in charging state; [image: image] is similarly defined.
2) EV up and down reserve capacity constraints
[image: image]
[image: image]
3) Distribution transformer capacity constraints
[image: image]
where [image: image] is the maximum active capacity of the transformer in region i.
Dynamic Update Strategy of Regional Dispatching Price
Regional Dispatching Price Strategy
As a special commodity with dual attributes of time and space, the value of electric energy changes with different distribution of time and space, so the electricity price should also have the difference of time and space (Schweppe et al., 1988). A reasonable electricity price signal can effectively guide the regulation of EV resources charging and discharging behavior, and the dynamic update strategy of regional dispatching electricity price is the basis and key to fully play the role of electricity price signal and develop the solution of EV charging and discharging problem. Thus, in order to achieve global optimization of the system and improve participation enthusiasm of EVA and EV users, this study formulates the dynamic update strategy of regional dispatching price on the basis of peak-to-valley TOU tariff. The dynamic update strategy includes discharge incentive dispatching price and charging service fee, as follows:
1) Dynamic update strategy of EV discharge incentive dispatching price
The V2G discharge incentive dispatching price comprehensively considers the operation characteristics of the regional power grid. It is updated and formulated by the CS according to the regional DSO peak-shaving and valley-filling demand and the EV on-grid rate and communicated to the regional EVAs through the communication network. The regional EVAs respond to regulation scheme according to the discharge incentive dispatching price level; the update strategy is as follows:
[image: image]
where [image: image] is the V2G discharge incentive dispatching price of EVs in region i at time t; [image: image] is the V2G base discharge incentive dispatching price, which is taken as 0.35 Yuan/kWh in this study; and [image: image] is the V2G discharge incentive dispatching price adjustment coefficient, which is positive when there is peak-shaving demand on the grid and zeroes otherwise, expressed as follows:
[image: image]
where [image: image] is the discharge incentive price regulation coefficient of region i; [image: image] and [image: image] are the grid peak-shaving coefficient and EVA incentive coefficient, respectively; [image: image] is the average value of the basic active load in region i; [image: image] is the EVA charging piles utilization rate, and to fully stimulate the V2G potential of EVs, more incentive subsidies should be given when the utilization rate is higher and this study sets three discount ranges; [image: image], [image: image], and [image: image] denote the incentive strength of different ranges, respectively; [image: image] and [image: image] are the range of utilization rate, respectively; and [image: image] is the number of charging piles in EVA of region i, which is often one pile to one car in engineering practice.
2) Dynamic update strategy of EV charging service fee
The EV charging service fee is formulated and updated by CS and then transmitted to regional EVAs and EV users based on regional grid operation states and the EV on-grid rate. The regional EVAs and EVs respond to the regulation scheme, and the specific strategy is as follows.
[image: image]
where [image: image] is the EV charging service fee of region i at time t; [image: image] is the basic charging service fee, which is taken as 0.6 Yuan/kWh in this study; and [image: image] is the charging service fee adjustment coefficient, expressed as follows:
[image: image]
where [image: image] is the charging service fee regulation coefficient of region i; [image: image] is the EVA adjustment coefficient, and in order to reduce the charging cost of EV users, more discounts should be given when the utilization rate is higher and this study sets three discount ranges; [image: image], [image: image], and [image: image] represent the discount coefficients in different ranges, respectively; [image: image] and [image: image] are the range of charging piles utilization rate, respectively; [image: image] is the peak shaving and valley filling coefficient of the power grid; and [image: image] and [image: image] are the maximum and minimum values of the basic active load of the power grid in region i, respectively.
3) Electricity price constraints
[image: image]
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where [image: image] and [image: image] are the upper and lower limits of EV charging electricity price in region i at time t, respectively; [image: image] and [image: image] are the upper and lower limits of EV discharging electricity price in region i at time t, respectively.
Economic Cost–Benefit Analysis Model of Stakeholders
The cost–benefit analysis of stakeholders is as follows.
1) DSO economic benefit analysis
As the implementation institution of EV discharge incentive dispatching price, DSO is the main beneficiary of EV charging and discharging regulation. In the process of EV charging and discharging regulation, DSO costs mainly include the expenses of purchasing EV V2G electricity and reserve capacity, that is, the discharging cost and reserve cost paid to EVAs or EV users, and DSO benefits are mainly avoidable capacity and avoidable power benefits. The avoidable capacity benefit is the reduced investment costs for new or expanded grid construction such as transformers, transmission lines, and their supporting equipment through V2G technology, and the avoidable power benefit is the reduced cost of power purchased from generators during peak periods. The details are as follows:
[image: image]
where [image: image], [image: image], and [image: image] are DSO net profit, benefit, and cost, respectively, expressed as follows:
[image: image]
where [image: image] and [image: image] are the avoidable capacity and avoidable power; [image: image] is the unit average cost of DSO transformer, transmission line, and its supporting power equipment; [image: image] is the average feed-in tariff during peak discharge periods; [image: image] is the total number of EV discharging days per year, which is taken as 365 days; [image: image] is the economic benefits assessment period, which is taken as 20 years; and [image: image] is the present value coefficient in year k, that is, [image: image], and r is the discount rate, which is taken as 8%.
2) EVA economic benefit analysis
EVA is the main implementation object of dispatching price. It should ensure that EVAs’ average selling price after participating in EV regulation is not less than before, as follows:
[image: image]
where [image: image] is the total time when DSO peak-shaving demand occurs in region i.
3) Economic benefit analysis for EV users
EV users are the main implementation objects of charging service fees, and its charging cost after participating in regulation shall not be greater than that before regulation, as follows:
[image: image]
where [image: image] is the total number of EVs in the system; [image: image] is the charging cost before the regulation of the nth EV, that is, the disorderly charging cost of a single EV.
4) CS benefit analysis
CS leads the formulation of regional flexible dispatching price to promote optimal allocation of system EV resources. Therefore, the objective function value of model comprehensive optimization is taken as the benefit, as shown in Eq. 12.
Strategy Formulation Workflow
The formulation workflow of the proposed strategy is shown in Figure 4.
[image: Figure 4]FIGURE 4 | Strategy development flowchart.
As can be seen from Figure 4, the regulation strategy development workflow includes the following steps. First, the EV travel chain information is obtained based on the 2019 NTS data set and the MCMC method, which reflects the travel demand of users and is the basis of EV regulation. Second, the EV charging demand model is established based on EV travel information to guarantee users’ electricity energy demand. Third, the regional flexible dispatching electricity price is dynamically updated considering the regional grid operation states and EV on-grid rate. Then the EV charging and discharging regulation model based on the dynamic regional dispatching electricity price is established to achieve a win-win situation for DSO, EVA, and EV users. Finally, the economic cost–benefit model is used to analyze the profitability of different stakeholders in the proposed scheme and determine whether the profitability of multiple parties is achieved.
CASE RESULTS AND DISCUSSION
Parameter Setting
In this study, we adopted the adapted IEEE-33 node system and divided it into four functional regions according to the difference of regional functional properties: office region, business region, home region 1, and home region 2, corresponding to four EVAs, as shown in Figure 5. The total basic active load of the system and the basic active load of each region are shown in Supplementary Figure S1. Considering that the EV charging infrastructure has been greatly developed and configured in the context of smart cities, it is assumed that each functional region has a sufficient number of charging piles, which have been properly planned and arranged. Based on the adapted IEEE-33 node system capacity size and EV penetration, it is assumed that there are 100 EVs in the system, and the parameters are shown in Table 1. To reflect a certain extent of uncertainty in users’ charging demand, it is assumed that EV users have different expected electricity consumption in different functional regions, which follows a normal distribution of N (0.85, 0.02) in office and home regions and N (0.75, 0.02) in the business region. Based on the NTS database data and MCMC method, the number and proportion of different EV travel chains are shown in Supplementary Table S1, and the travel timing information of EV users is shown in Supplementary Figure S2. To fully utilize the EV regulation potential and users’ charging demand, it is assumed that EVs are connected to the grid for regulating immediately after arriving at their destinations. EV provides reserve service at an electricity price of 0.022 Yuan/kWh (South China Energy Regulatory Administration, 2020); [image: image] is taken as 0.2, the relevant price parameters are shown in Table 2, and the peak-to-valley TOU electricity price is shown in Supplementary Table S2.
[image: Figure 5]FIGURE 5 | Adapted IEEE-33 node system region division diagram.
TABLE 1 | Simulation parameters of single EV.
[image: Table 1]TABLE 2 | Relevant electricity price simulation parameters.
[image: Table 2]The simulation period T is set from 5:00 of the previous day to 5:00 of the present day. In order to fully reflect the randomness of EV accessing and leaving the grid as well as the real-time optimal regulation effect, the simulation time interval is taken as [image: image] = 15 min, that is, the regulation period is 24 h, including 96 regulation periods.
The case study in this study is based on a computer with a CPU of Intel® Core™ i7-9700 @ 3.00 GHz and 16 GB of memory, modeled with MATLAB software and the YALMIP toolbox, and the CPLEX optimization solver is called to solve the optimization model. Meanwhile, the average computational cost of solving the optimization model is 8.5 min, and this computation time is considered to be very acceptable considering that the studied scenario is a 24-h (including 96 regulation periods) EV optimal regulation problem.
Electric Vehicle Real-Time Regulation Model Calculation Results
The proposed dynamic update strategy of regional dispatching price in this study is calculated and updated by CS based on the interaction information of DSO, EVA, and EV users, and the results are shown in Figure 6. Combined with Figure 6 and the Supplementary Figures S1 and S2, it can be seen that due to the differences in the load characteristics of the regional power grids and EV travel characteristics, the EV discharge incentive dispatching prices (Figure 6A) and charging service fees (Figure 6B) in the regional grids are also quite different. The EV discharge incentive dispatching price increases with the rise of the regional grid’s peak-shaving demand and EVA’s charging pile utilization rate, and decreases vice versa. Also, it becomes zero when the grid’s active load is lower than the average load level, which fully reflects the active load characteristics of the regional grid and the travel characteristics of EVs. Similarly, the EV charging service fee increases with the increase of the regional grid’s active load and the decrease of EVA’s charging pile utilization rate. When the regional power grid’s active load is at its peak, the regional charging service fee increases significantly, and decreases significantly vice versa.
[image: Figure 6]FIGURE 6 | (A) EV discharge incentive dispatching price. (B) EV charging service fee.
The results of the EV V2G optimal regulation model are shown in Figure 7, which shows the base active load of each regional grid (i.e., PB, blue area in Figure 7), the equivalent active load variation curve of the regional grid (i.e., PEL, orange area in Figure 7), and the real-time regulation results of the regional EV V2G for 96 day (i.e., PEVA, green area in Figure 7).
[image: Figure 7]FIGURE 7 | (A) Office region calculation results. (B) Business region calculation results. (C) Home region 1 calculation results. (D) Home region 2 calculation results.
As can be seen from Figure 7, the regional EVA guides regional on-grid EVs to reduce charging power or increase discharging power when the regional grid load peak-shaving demand is high, and when the regional grid valley-filling demand is high, regional on-grid EVs are guided to increase charging power or reduce discharging power. The effect of peak-shaving, valley-filling, and smooth load fluctuation of the power grid is significant in which the load rates of the office region, business region, home region 1, and home region 2 are increased from 63.48, 57.52, 59.56, and 59.27% of the base active load to 65.55, 58.56, 75.27, and 74.94% respectively, which is an increase of 2.07, 1.04, 15.71, and 15.67%, respectively. Due to the base active load in office and business regions being relatively stable, the effect of regional load rate improvement is limited (shown in Figures 7A,B). On the contrary, the base active load in home region 1 and home region 2 changes more obviously and the effect of regional load rate improvement is significant (shown in Figures 7C,D).
The economic benefits for DSO, EVA, and EV users are evaluated and analyzed according to Eqs. 29–32. From the calculation results, it can be seen that DSO regulation benefit Bg = 4.7978×107 Yuan, regulation cost Cg = 1.2336×107 Yuan, and net profit Rg = 3.5642×107 Yuan when the assessment period is 20 years. So, the benefit of DSO participation in EV charging and discharging regulation is far greater than the cost, that is, DSO achieves profit. In addition, EVAs’ selling price (in Yuan/kWh) for office, business, home 1, and home 2 after the regulation are 1.1240, 1.0472, 1.0361, and 1.0355, respectively, compared to 0.95 before the regulation, which increased by 18.32, 10.23, 9.06, and 9.00%, respectively, that is, the average profit on regional EVA has been improved. Furthermore, combined with Table 4, it can be seen that the average charging cost for EV users has been reduced from 37.2429 Yuan before regulation to 18.4832 Yuan, with a decrease of up to 50.37%. Therefore, the proposed strategy promotes the profitability of DSO, EVA, and EV users, achieving a win-win situation for all three stakeholders.
Electric Vehicle Regulation Results under Different Electricity Price Signals
The electricity price level will significantly affect the decision-making behavior of DSO, EVA, and EV users, and the guidance effect of different electricity price signals has some differences. To demonstrate the effectiveness and superiority of the regional dispatching price signals proposed in this study, the calculated results of the proposed dispatching price strategy are compared with three other classical electricity price scenarios in recent research.
Comparison scheme 1 (CS1): Dynamic regional dispatching price signal in this study.
Comparison scheme 2 (CS2): Disorderly charging signal, as the benchmark.
Comparison scheme 3 (CS3): Peak-to-valley TOU signal (Li et al., 2021).
Comparison scheme 4 (CS4): System dynamic electricity price signal (Zhou et al., 2020).
Combined with the EV charging and discharging regulation model established in this study, four comparison schemes of electricity price signal are used to guide the regional EV charging and discharging behavior, respectively, and the results are shown in Figure 8 and Table 3.
[image: Figure 8]FIGURE 8 | (A) Office region calculation results. (B) Business region calculation results. (C) Home region 1 calculation results. (D) Home region 2 calculation results. (E) System load calculation results.
TABLE 3 | Results of different electricity price signals.
[image: Table 3]As can be seen from Figure 8, under the CS2 strategy, EVs carry out disorderly charging behavior without incentive guidance. When it is given access of the power grid, it immediately charges at the maximum power, enlarging peaks or forming new load peaks on the basis of grid’s base active load in each region, which further expands the load peak-valley difference. Among them, the most serious impact was on the business region grid; the load peak-valley difference increased from the original 730.44–1,099.32 kW, the growth rate was as high as 50.50%, and the active load curve of the business region grid showed obvious fluctuations, which seriously aggravated the regional grid peak regulation pressure.
Under the strategies of CS3 and CS4, EV reduces the charging power when the charging price is high and increases the charging power when the charging price is low based on meeting the charging demand. A similar analysis was carried out for discharging power. The electricity price signal plays a guiding role in EV charging and discharging behavior. Among them, under the CS3 strategy, the load rates of office region, business region, home region 1, and home region 2 increased by 9.32, 16.20, 7.63, and 5.67% compared with CS2, respectively. The EV charging and discharging regulation strategies based on the peak-valley TOU price and system dynamic price signal improved the operational security of the regional power grid to an extent. However, due to the unified electricity price signal used in the whole region of the system, the effect of EV charging and discharging regulation is limited, and the guiding role of the electricity price signal is not fully played, especially in home regions 1 and 2. The active load of home regions 1 and 2 is still at a high level, at times 66–77 of CS3 and 61–77 of CS4 (shown in Figures 8C,D).
Compared with the above schemes, the proposed flexible dispatching price strategy (CS1) considers the operational states of different regional grids, and the regional grid load rate increases significantly. Among them, the load rates of office region, business region, home region 1, and home region 2 increased by 9.32, 16.22, 20.66, and 18.13% compared with CS2, respectively, and compared with peak-to-valley TOU price and system dynamic price, it can further guide and regulate the orderly charge and discharge behavior of EVs and achieve more significant results in improving the load characteristics of the regional grid. In addition, as can be seen in Table 3, concerning the economics of the regulation strategy, system’s total cost (the sum of EVA operating cost and users charging cost, that is, f2+f3) of CS2, CS3, and CS4 is 2,231.82, 327.99, and 220.71% higher than that of CS1, respectively. Thus, the proposed strategy greatly reduces the operating cost and significantly improves the operation economy of the system.
Electric Vehicle Regulation Results Under Different Optimization Objectives
EV charging and discharging regulation are jointly participated by multiple stakeholders, and the interest demands of different stakeholders will affect the formulation of optimization decision-making scheme. In order to reflect the necessity of considering the interests of multiple stakeholders, the model proposed in this study is compared with the results of the other four typical optimization objectives in the current research.
Optimization objective 1: Model of this study.
Optimization objective 2: Disorderly charging, as the benchmark.
Optimization objective 3: DSO load deviation.
Optimization objective 4: EVA operation cost.
Optimization objective 5: EV users charging cost.
The results of the models based on the above optimization objectives were calculated separately and are shown in Table 4. Among them, the negative value of EVA operating cost means a positive benefit.
TABLE 4 | Results of different optimization objectives.
[image: Table 4]As can be seen from Table 4, objective 2 performs poorly in terms of load deviation, EVA operation cost, and user charging cost. It means that it takes other interests as the cost and reduces the enthusiasm of other stakeholders to meet users’ rapid charging demand, which is not conducive to the long-term operation of the whole system. Objectives 3, 4, and 5 only consider the interests of individual stakeholders of DSO, EVA, and EV users, respectively, and maximize the interests of their respective subjects. Among them, although objective 3 achieves the minimum load deviation of the DSO power grid and achieves significant peak-shaving and valley-filling effect, it comes by increasing EV users charging cost, which damages the interests of EVA and users. Objective 4 greatly reduces EVA operating cost and improves EVA revenue, but it is accompanied by a larger grid load deviation and higher charging costs of users, without considering the needs of DSO and users. Similarly, objective 5 only considers the demand of users and ignores the benefits of DSO and EVA. Although the demand of users is greatly met, the peak-shaving and valley-filling effect of the grid in general and the revenue of EVA is significantly reduced. It can be seen that the above objectives cannot promote multi-stakeholder profits and win-win results and fail to take into account the overall interests. Thus, it is difficult for the system to achieve sustainable, long-term, and mutually beneficial safe economic operation.
Compared with the aforementioned optimization objectives, the proposed model fully considers the interests of multiple stakeholders and realizes the reduction of DSO load deviation and EVA operation cost on the basis of meeting the demand of EV users. Among them, the load deviation is only 2.63% more for objective 3, but the total cost of the system is reduced by 171.21%. EVA’s operating cost is 43.78% more for objective 4, but DSO load deviation and user charging cost are reduced by 38.67 and 78.89%, respectively. EV users’ charging cost is 186.80% more for objective 5, but the operating cost of EVA is reduced by 4,787.42%. It can be seen that the proposed strategy maintains the global benefit of the system at a high level, which is conducive to the mutual benefit and long-term operation of all parties in the system.
Regulation Results Under Different Guaranteed Electricity Energy
EV users set different guaranteed electricity energy demands in the regulation process, which will affect the flexibility of EV regulation. Therefore, in order to consider the impact of different guaranteed electricity energy on EV regulation effects, this study sets up five comparison schemes under different EV-guaranteed electricity energy requirements.
The calculation results under different guaranteed electricity energy demands are shown in Table 5 and Figure 9. As can be seen from Table 5 and Figure 9, when λn is relatively small, the load deviation and EVA operating costs achieve good results, but the users charging cost increases, and when λn is large, the load deviation and EVA operating costs increase accordingly and the users charging cost decreases. In addition, with the increase of λn, the adjustable range of single EV battery SOC gradually decreases and the EV adjustable flexibility decreases. It makes the model comprehensive objective value to increase, but the users’ battery energy demand is guaranteed when leaving early. Thus, it can be seen that different guaranteed electricity energy requirements have an impact on EV charging and discharging strategies, and it is necessary to consider them in detail in the EV charging and discharging regulation process.
TABLE 5 | Results under different guaranteed electricity energy.
[image: Table 5][image: Figure 9]FIGURE 9 | Comprehensive objective value under different EV-guaranteed electricity energy.
CONCLUSION
In this study, an optimal regulation strategy of EV V2G based on a dynamic regional dispatching price signal is proposed, taking into account the interests of DSO, EVA, and EV users. The simulation example of a regional distribution network is analyzed, and the results show the following:
The EV orderly charging and discharging regulation strategy proposed in this study fully considers the travel demand and charging demand of EV users and effectively guide the EV charging and discharging behavior in the region. It realizes the reduction of the regional grid load deviation, EVA operation cost, and EV users’ charging cost.
Under the guidance of different electricity price signals, the proposed dynamic regional dispatching price can further play the guiding role of electricity price signals by combining the regional grid operation states and EV on-grid rate, in order to increase the regional grid load rate and significantly improve the operation economy of the system.
Under solo optimization objective, it is difficult to achieve a win–win situation for multiple stakeholders by considering only DSO load deviation, EVA operation cost, or EV users’ charging cost, which is not conducive to motivate DSO, EVA, and EV users to participate in the regulation process. The model proposed in this study achieves a win–win situation for all three stakeholders, which is conducive to maximize the safety and economic benefits of the system and promote the mutually beneficial and long-term operation of the system.
Under different guaranteed electricity energy, the adjustable flexibility of single EV battery SOC decreases as λn increases, and the model comprehensive objective value increases and overall system benefits decrease, but the users’ battery energy demand is guaranteed when leaving early.
This study only regulates the V2G behavior of EVs from the perspective of the grid. In fact, EVs play an important role in coupling of the road network and power grid. The interaction between road network information and power grid information will further affect the EV charging and discharging regulation strategy. Therefore, the optimal regulation of electric vehicle V2G integrating road network information will be the next research focus.
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