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Abstract

:

Private cars are the most active and important incremental factor in the electric vehicle market and are expected to account for 80% of the new energy vehicle sales market by 2030. As the most common charging scenario for private cars, orderly charging in the community can optimize the distribution load curve by dynamically adjusting charging time and power of electric vehicles, so as to achieve peak-load shaving and turn electric vehicles into a friendly load to the distribution grid. However, after the traditional orderly charging strategy was released, the complexity of the operation on the user’s side was a heavy strike to the user’s willingness to participate in orderly charging, resulting in the quite low participation rate and insufficient demonstration of the characteristics of EV’s elastic power demand. To solve this issue, the paper proposes a senseless orderly charging strategy with user charging demand prediction and substation capacity constraint considered to minimize user charging fee or maximize service provider revenue. After a five-month practical application, the proposed strategy was found to effectively improve the user participation rate in orderly charging and to regulate electric vehicles as an elastic load to meet the grid demand.
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1. Introduction


Private cars are the most active and important incremental factor in the new energy vehicle market, with a current market share of 72% and an expected prompt of over 80% by 2030. The community scenario is the main field to be explored for private passenger vehicle charging [1,2,3]. A widespread EV disorderly charging may increase the peak-to-valley difference of the power system due to the charging peak load overlap with the community electricity peak load [4,5]. For a transformer substation with limited capacity, disorderly charging may easily exceed the capacity limit during the evening peak hours [6]. According to [7,8], the average daily time that private cars are driven is only about 4%, the long parking and standby on the grid time can provide a charging power regulation opportunity under fully actual charging condition. As of 2021, 120,000 orderly charging piles have been installed in 18 provinces and cities in China, covering 10,000 communities and serving 150,000 vehicle owners and this number is prospected to be 200,000 in 2022. With the continuous investment in the orderly charging piles, the community charging scenario could turn from disorderly charging into orderly charging.



Current research on orderly charging mainly focuses on the following aspects: user guiding through price incentive, charging curve optimization, and maximizing the benefits of electricity grid, vehicle owners, or operators in a single- or multi-objective manner [9]. Based on time-of-use electricity tariffs, the charging load is expected to achieve peak-shaving and valley-filling or minimize the volatility of the overall load curve while ensuring the operator’s benefits [10] and solving the grid potential operation problems. Alternatively, EVs are divided into dispatchable clusters and non-dispatchable clusters, which can be separately guided from time and space dimensions to achieve friendly interaction between EVs and the grid [11,12]. However, from the operation effect of community orderly charging piles in 2021, users’ willingness to participate in orderly charging is not strong, mainly because the current orderly charging technology focuses more on serving grid operation than meeting users’ demand for the charging capacity. Previous technology research and actual operation data show no consideration of the charging demand and user experience in current orderly charging research, which feeds back a lower expectation on the effect of vehicle–grid interaction.



In order to speed up the orderly charging penetration in the community and turn electric vehicles into large-scale controllable resources, it is necessary to solve the problems of the traditional orderly charging strategy, which came into practical use in 2019. For the traditional orderly charging strategy, if users want to participate in orderly charging, they need to input many parameters on the app, including departure time, current SOC, target SOC, battery capacity, and so on, and the operation is complex, resulting in weak willingness of users to participate. To solve these problems, we propose a senseless orderly charging strategy to simplify the user’s operation process on the app side with user charging demand prediction to realize the senseless participation of users participating in orderly charging in the process of EV serving power grid regulation. Specifically, the charging demand is predicted based on historical driving data with an artificial intelligence algorithm and the charging strategy is made to minimize the user’s charging fee or maximize service provider revenue with station capacity constraint considered.




2. Senseless Orderly Charging Technology


2.1. Technical Scheme


The senseless orderly charging technical scheme is presented in Figure 1. Users start from the binding of the vehicle and person by inputting the vehicle VIN code on the app side. After choosing coordinated charging, the senseless coordinated platform uses the VIN index to automatically log the model, license, maximum power, and battery capacity information by calling an external EV data platform. In addition, the historical charging data of the users can also be collected through the vehicle VIN code. According to these data, the senseless coordinated charging platform can forecast the user departure demand, thus reducing the manual records of the above data on the app and solving the cumbersome operation issues.



Based on the user demand forecasting and the time-of-use tariff and subsidy of the grid, a single pile charging strategy is formulated by linear optimization to minimize charging costs and address the charging anxiety under the premise of satisfying the user charging demand. Furthermore, when the substation capacity limitation needs to be referenced on a large-scale vehicle-to-grid connection, the platform will receive the capacity information from the grid-side substation, and optimize charging clusters within the platform to maximize the revenue without exceeding the capacity limitation by the support of the mentioned strategies.




2.2. User Demand Forecasting


2.2.1. Charge Quantity Prediction


Select the historical data with the highest correlation with the pre-predicted charging scenario by correlation calculation for Support Vector Machine regression prediction model training. The traditional similarity degree calculation of historical days only considers the basic features such as weather and type of day. In fact, the community charging behavior of EV users has a certain robustness in terms of charging location (personal pile or public pile in the community), charging time, and charging power. Therefore, as well as the daily characteristics, this paper also considers charging station pile, charging time period, and charging trend factors when calculating the history-day similarity degree.



	(1)

	
Charging date correlation







Considering the factors with greater impact on the EV charging quantity in the daily characteristics, including weather (sunshine, rain, and snow), temperature (average temperature), and type of day (weekday, weekend, and holiday), etc., after the data are normalized and the corresponding values for the type data are setup, the daily correlation degree R1 between the historical day and the predicted day is calculated using the weighted cosine similarity as


  R 1 =     r 1   *  C x  1 *    C 0  1 + r 2   *  C x  2 *    C 0  2 + … + r p   *  C x  p *    C 0  p      C x   1 2  +  C x   2 2  + … +  C x   p 2    +    C 0   1 2  +  C 0   2 2  + … +  C 0   p 2         



(1)




where p is the total number of the classes of charge demand influencing factors in the daily characteristics,    r p    is the weight factor of the pth charge demand influencing factor,    C x  p   is the pth charge demand influencing factor corresponding to the historical day, and    C 0  p   is the pth charge demand influencing factor corresponding to the predicted day.



	(2)

	
Charging spatiotemporal correlation







The start charging time and charging quantity are strongly related to the charging site, such as personal pile, community pile, and office charging station. The correlation of the above-mentioned relationship in the charging time and charging site is defined as “charging spatiotemporal correlation”. Define the coefficient S of charging station correlation degree, where the larger coefficient is, the more familiar the charging station piles on the forecast day is with the station on the historical day. Define the similarity coefficient d of the charging period between the historical day and the day to be predicted. The larger the coefficient is, the more similar these two periods are. Considering the charging station pile correlation and the charging period correlation, the charging spatiotemporal correlation R2 defined above can be calculated as


  R 2 = s   * d    



(2)







	(3)

	
Charging trend correlation







Considering the consistency of the user charging trend, define the charging trend correlation between the historical day and the predicted day. Taking 3 days’ charging capacity before the forecast day Q0 = {Q0–3 Q0–2 Q0–1} and the charging capacity before the history day Qk = {Qk−3, Qk−2, Qk−1}, the charging trend correlation R3 is calculated as


  R 3 =   C o v  (  Q 0 , Q K  )      D  (  Q 0  )      D  (  Q k  )         



(3)




where   C o v  (  Q 0 , Q K  )    is covariance of     Q 0   and   Q K  ,   D  (  Q 0  )    and   D  (  Q 1  )    is standard deviation of Q0 and Q1.



	(4)

	
Comprehensive correlation







Based on the charging date correlation, the comprehensive correlation is calculated by modifying the spatiotemporal correlation coefficient and charging trend correlation coefficient.


  R = R 1 × ( 1 + R 2 + R 3 )    



(4)







According to the comprehensive correlation calculation, select the historical day with high comprehensive correlation coefficient as the training data of the model input layer, including weather type (sunny, rainy, and snowy), air temperature (average temperature), type of day (working day, weekend, and holiday), and starting SOC. The charging quantity of the historical order is used as the output layer training data of the machine learning model so as to obtain the prediction model for predicting the user’s charging demand.




2.2.2. Departure Time Prediction


The prediction of the user’s departure time needs to be conservative to ensure that the electricity charged can meet the user’s demand. The step changing of the user’s departure probability usually indicates the travel status change and this step change moment is considered as the user departure time, which not only scientifically considers the user’s historical data, but also has a certain degree of prediction conservatism.



The method is to first obtain the historical travel data of users on different types of days (working days, weekends, and holidays), and calculate the 24-h travel probability curve of users on different types of days by using a sample statistics method or artificial intelligence prediction method. Then, the adaptive segmentation method is used to select the thresholds Th1 and Th2 (0 < Th1 < Th2 < 1), and the travel probability is divided into high, medium, and low periods. Finally, the user departure time is determined by the moment where the travel probability period turns higher.



Specifically, as shown in Figure 2, firstly, obtain the travel probability curve of the user for next 24 h, and select the threshold to divide the curve into low, medium, and high, i.e., three types of travel probability periods. If the car is being charged during the low travel probability period, the user’s departure time is predicted to be the moment where travel probability period turns from low to medium or from medium to high. If the car is being charged during the medium travel probability period, the user’s departure time is predicted to be the moment where the travel probability period turns from medium to high. If the vehicle is charged during the period of high travel probability, the departure time is predicted as extending the average charging time of the corresponding type of days (such as working days, weekends, and holidays) on the basis of the start charging moment.



In the following example, the threshold of Th1 and Th2 is respectively set at 0.1 and 0.5, the 24 h are divided into high, medium, and low probability periods as shown in Figure 2. The conclusion can be drawn by combining the travel probability curve and the probability period curve: if the car is being charged 7 p.m.–6 a.m the next day. (low and medium travel probability period), the predicted departure time is 6 a.m. where the travel probability period turns from low to medium. If the car is being charged from 6 a.m. to 7 a.m., the predicted departure time is 7 a.m., where the travel probability period turns from medium to high. Similarly, if the car is being charged 9 a.m.–5 p.m., the departure time of the user is predicted to be 5 p.m.





2.3. Senseless Orderly Charging Strategy


The charging strategy for two scenarios are presented in this section. If the user directly participates in the electricity market and gets profit, the charging strategy for single pile with the objective of minimizing the user’s charging fee will be applied. If users could not participate in the electricity market, they will call for a charging service provider to indirectly participate in electricity market; the charging strategy for piles in the same substation area with the objective of maximizing charging service provider benefit will be applied.



2.3.1. Charging Strategy for a Single Pile


When the substation transformer capacity is sufficient to meet the users’ power demand in the station area, it is unnecessary to consider the transformer capacity limit in the orderly charging strategy. Combined with time-of-use and subsidized price, a single pile orderly charging strategy with the lowest charging cost is generated, the mathematical model is as follows:



The charging strategy for a single pile aims to minimize the user’s charging fee by considering time-of-use and subsidized price. The mathematical model is as follows:



The battery capacity of this user’s car is expressed as L (kWh), the initial SOC at time    T 1    when the user starts the senseless charging process is    S 1   , and the predicted departure time is    T 2    with the target SOC expressed as    S 2   . The optimized step, charging power, charging price, and subsidy price in each optimization step are respectively expressed as ∆T, Pi (kW), Ci (RMB/kWh), and Subi (RMB/kWh). The objective function with the lowest charging cost is:


  m i n   ∑   i = 1  n   P i  × (  C i  − S u  b i  ) × ∆ T    



(5)







In Equation (5), n is the total number of optimized time periods from the time when the user starts orderly charging on the app to the time when the vehicle is picked up, and the calculation method is:


  n =    T 2  −  T 1    ∆ T    



(6)







The user’s charging demand is met by Equation (7):


  L ×  S 2  −  S 1  =   ∑   i = 1  n   P i  ×  (   C i  − S u  b i   )  × ∆ T  



(7)







The charging power limit of the charging pile is considered in Equation (8):


  0   ≤  P i  ≤ 7    



(8)







Build the above model in MATLAB and solve the problem with linprog method to get the optimal charging strategy for the user.




2.3.2. Charging Strategy of Piles in the Same Substation Area


While making the charging strategy for large-scale electric vehicles connected to the same substation and the substation capacity is insufficient, it is necessary to take the substation maximum capacity into the constraint and maximize the charging income of the charging service provider. The objective function can be expressed as


  m a x   ∑   t = 1  T    ∑   n = 1  N   (   k  n , t   c h a r g i n g   +  k  n , t   s e r v i c e   +  k  n , t   s u b s i d y   −  k  n , t   p u r c h a s e    )  * ∆ T *  p  n , t   .    



(9)




where    p  n , t     is the dependent variable, representing the charging power of the charging pile n at time t.    k  n , t   c h a r g i n g    ,    k  n , t   s e r v i c e    , and    k  n , t   s u b s i d y     are respectively the charging electricity fee, the charging service fee, and the subsidy at time t.    k  n , t   p u r c h a s e     is electricity purchase cost for this substation area. The charging power of each charging pile shall meet the constraint (10):


  0 ≤  p  n , t   ≤ m i n  (   p  m a x _ c h   ,  p  m a x _ E V    )   



(10)




where    p  m a x _ c h     is the maximum charging power,    p  m a x _ E V     is the maximum allowable charging power of the car on-board charger. The constraint on the total load under this substation is shown in Equation (11):


  0 ≤   ∑   n = 1  N   p  n , t   ≤ m i n  (  S * k * φ , C  )   



(11)




where S is the substation capacity, k is the allowable capacity ratio assigned for electric vehicles charging, C is the substation capacity limit from high-priority order. The total electricity power of the substation does not exceed the capacity limit is ensured by Equation (11)


  E * S O  C n b  − S O  C n a  ≤   ∑   n = 1  N   (   p  n , t   * η * ∆ T ≤ S * k * φ  )  ≤ E  (  1 − S O  C n a   )   



(12)




where   S O  C n b    is the user’s target SOC,   S O  C n a    is the initial SOC when the user starts orderly charging process,   E * S O  C n b  − S O  C n a   . is the minimum charging capacity demanded by the user,   E  (  1 − S O  C n a   )    is remaining capacity of the battery. The user’s charging capacity demand shall be met by Equation (12).



In the above model, the revenue of the charging service provider is maximized by the objective function. Compared with the strategy in Section 2.3.1, the optimization strategy aiming at maximizing the revenue of the charging service provider considers overall charging power limit of the station area so as to ensure that the load of the station area does not exceed the transformer capacity.






3. Results and Analysis


3.1. Departure Time Prediction Result


Once the user selects orderly charging on the app, the predicted departure time for this user will pop up automatically. If the predicted value is inconsistent with the user’s intention, the user can modify it manually. If the prediction time is accurate, the user directly starts the orderly charging process. A total of 83,200 senseless charging orders for 4708 users from 6 February to 6 May 2022 were used to analyze the departure time prediction results, as shown in Figure 3:



For 70,965 senseless orders, the percentage of accurate prediction was 85.3% and the percentage of the deviation from the user’s real departure time within one hour, two hours, three hours, four hours, and five hours were respectively 3%, 4.7%, 5.8%, 6.5%, and 7.1%. The percentage of the deviation from the user’s real departure time beyond 5 h accounts for 7.6%. It can be concluded that the accuracy of user’s departure time prediction method could reach 85.3%.




3.2. Effective Analysis of Single Pile Charging Strategy


3.2.1. Optimization Result of a Single Pile Charging Strategy


A community’s electricity load curve from 11 a.m. on 18 April 2022 to 11 a.m. the next day is analyzed in this section. The electricity load curve without EV is shown in the gray curve below(Figure 4), and the peak power consumption occurs at 10:30 p.m.



The green curve is a single pile’s charging power with single pile charging strategy implemented and the red curve is an instant charging pile’s power curve. By comparing two charging curves, it can be found that the implementation of single pile orderly charging strategy shifts the charging peak period originally from 8 p.m. to 11:30 p.m. to 1 a.m. to 4 a.m., avoids overlapping with the peak period of basic power consumption of this substation area, and improves the power consumption safety of this community.




3.2.2. Effective Analysis of Single Pile Charging Strategy for Charging Pile Cluster


The application effect of a single pile charging strategy for large scale charging piles is analyzed with 1000 instant charging piles and 1000 orderly charging piles. The results are shown in Figure 5.



The orange curve represents the charging power of 1000 instant charging piles, and the blue curve is the charging power of 1000 orderly charging piles. It can be found that through single pile optimization strategy, the peak value of charging pile cluster shifts from 11:13 p.m. to 1:06 a.m. the next day. For large scale charging piles, the application of orderly charging strategy greatly reduces the charging load in the 7 p.m. to midnight period, which alleviates the power grid pressure during this time and transfers more charging loads to midnight to 7 a.m., which promotes the consumption of renewable energy in this period.





3.3. Effective Analysis of Charging Strategy for Piles in the Same Substation Area


Five orderly charging piles in a community with rated power of 7 KW were used test and verify the charging strategy with substation maximum capacity considered. The subsidized electricity price in peak shaving market is shown in Figure 6. The residential power demand without EV is shown in Table 1, five colored horizontal bar columns represent five residential users, and the bar length indicates the user’s connection time. The initial SOC and the target SOC are written in the Table 1.



Implement the optimization strategy presented in Section 2.3.2, but do not implement substation capacity constraint, the total load curve of this community is shown as the blue dotted line in Figure 7, and the charging curve of electric vehicles is shown as the gray dotted line. It can be found that the electric vehicles are mostly charged when there is a market subsidized price. The higher the subsidized price is, the higher the charging power of electric vehicles is. In this case, the income of charging service provider in this substation is 45.96 RMB.



Implementing the substation capacity constraint, the electric vehicles’ charging curve is shown with the blue histogram in Figure 7. Part of the charging power is transferred to 0–1 a.m. when the subsidy price is lower, and the charging power in the original period of 3–5 a.m. is transferred to 6 a.m., so as to avoid exceeding the limit of transformer capacity. The overall income of the service provider is 41.73 RMB.



As more and more electric cars are charged in the community, the transformer capacity is insufficient to meet overall power demand. The application of single pile strategy may cause the transformer to overload. The simulation results show that the application of charging piles strategy in the same substation area can effectively solve this problem and maximize the income of charging service provider.




3.4. The Increase in Senseless Charging Orders


Two charging pile groups were used to track the charging orders for 25 weeks. Group 1 includes 1000 senseless orderly charging piles and the users’ participation rate in orderly charging is shown with the blue broken line in Figure 8. The maximum weekly participation rate was 47.54% and the lowest was 35.73%. The average users’ participation ratio in orderly charging for 25 weeks was 40%.



Group 2 includes 1000 traditional orderly charging piles. The results are shown with the orange broken line in Figure 8. The average users’ participation ratio in orderly charging is 28%, 12% lower than senseless orderly charging.



The demonstration application of senseless orderly charging piles was carried out in Beijing, Tianjin, North Hebei, and South Hebei Power Grid. The orders from 6 February 2022 to 6 May 2022 were selected for statistical analysis. The results are shown in Figure 9 and in Table 2 below.



In Figure 9, the orange line represents the number of instant charging orders in North China, and the blue line represents the number of orderly charging orders. In 3 months, 207,750 orders were generated in North China, mainly in Beijing and Tianjin. The total number of orderly charging orders was 79,465, accounting for an average of 38.25%. Compared with the user participation rate of the traditional orderly charging strategy, the orderly charging order increased by 10%. It can be seen that the application of senseless orderly charging strategy improves users’ participation to a certain extent.





4. Conclusions and Perspectives


To solve the problems of traditional orderly charging, including complicated operation on the user side and charging demand unsatisfied, this paper proposes a senseless orderly charging strategy based on user demand prediction. Through the prediction of the user’s charging demand, the manual input parameters on the user’s app side are reduced, bringing the user a senseless charging experience. The orderly charging strategies are proposed under two scenarios with or without transformer capacity considered to maximize the service provider income or minimize the user’s charging cost. The case studies show that the senseless charging strategy not only realizes the friendly interaction between electric vehicles and power grid, but also improves the enthusiasm of users in participating in orderly charging.



As more and more renewable energy and dispatchable EV clusters are integrated into grid, the interaction between electric vehicles and grid plays an important role in new energy systems by means of promoting renewable energy consumption, improving power quality, and enhancing grid stability. Under this circumstance, more advanced technical skills for guiding electric vehicles participate in grid interaction need to be further developed.



Although the research results of this paper have improved the willingness of electric vehicle users to participate in orderly charging to a certain extent, most car owners still choose instant charging. Subsequent research needs to consider how to guide more electric vehicle users to participate in orderly charging through value transmission so as to further realize the friendly interaction between large-scale electric vehicles and the power grid.
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Figure 1. Technical framework of users’ senseless participation in orderly charging. 
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Figure 2. Corresponding relationship between departure probability and departure time. 
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Figure 3. User departure time prediction results. 
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Figure 4. Charging curves of an instant charging pile and an orderly charging pile. 
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Figure 5. Charging curves of large-scale charging piles with single charging strategy implemented. 
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Figure 6. Subsidized electricity price in peak shaving market. 
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Figure 7. Optimization result analysis of charging strategy for piles in the same substation area. 
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Figure 8. Orders’ quantity comparison between senseless orderly charging piles and traditional orderly charging piles. 
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Figure 9. Quantity of senseless charging orders in different cities/provinces. 
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Table 1. The community’s residential power demand without EV.
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Time

	
7–8 p.m.

	
8–9 p.m.

	
9–10 p.m.

	
10–11 p.m.

	
11 p.m.–12 a.m.

	
0–1 a.m.

	
1–2 a.m.

	
2–3 a.m.

	
3–4 a.m.

	
4–5 a.m.

	
5–6 a.m.

	
6–7 a.m.






	
Subsidy (RMB/kWh)

	
0

	
0

	
0

	
0

	
0

	
0.1975

	
0.3725

	
0.36

	
0.4

	
0.3725

	
0.215

	
0.075




	
Residential (kWh)

	
3950.6

	
3949.6

	
3949.9

	
3951.5

	
3965.9

	
3964.8

	
3969.8

	
3967.5

	
3984.6

	
3985.7

	
3983.5

	
3979.9




	
Initial and target SOC

	
Initial SOC 30.5%, target SOC 60%

	

	

	

	

	




	
Initial SOC 30%, target SOC 80%

	

	

	

	




	
Initial SOC 35%, target SOC 90%

	

	




	
Initial SOC 35%, target SOC 95%

	




	
Initial SOC 25.1%, target SOC 85%
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Table 2. Statistical results of orderly charging orders.






Table 2. Statistical results of orderly charging orders.











	District
	Nb. of Total Orders
	Nb. of Senseless Charging Orders
	Rate of Senseless Orderly Charging Orders





	Beijing
	96,592
	36,780
	38.08%



	Tianjin
	92,144
	34,501
	37.44%



	North Hebei
	8250
	3020
	36.61%



	South Hebei Power Grid
	10,764
	5164
	47.97%



	
	207,750
	79,465
	38.25%
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