


Supplementary data for
Future ultrafast charging stations of electric vehicles in China: charging patterns, grid impacts and solutions, and upgrade costs
Yang Zhao1,2, Xinyu Chen1*, Peng Liu3, Chris P. Nielsen2, Michael B. McElroy 2,4* 
1 School of Electrical Engineering, Huazhong University of Science and Technology, Wuhan 430074, China
2 Harvard-China Project on Energy, Economy and Environment, Harvard John A. Paulson School of Engineering and Applied Sciences, Harvard University, Cambridge, Massachusetts 02138, USA
3 National Engineering Research Center of Electric Vehicles, Beijing Institute of Technology, Beijing 100081, China
4 Department of Earth and Planetary Sciences, Harvard University, Cambridge, Massachusetts 02138, USA
*Xinyu Chen (corresponding author) e-mail: xchen2019@hust.edu.cn
*Michael B. McElroy (corresponding author) e-mail: mbm@seas.harvard.edu


1. Datasets and preprocessing
The datasets used in this work contain records describing real-world charging activities of EVs. The data of EVs include dynamic data and static data. The dynamic data include charging start times, end times, charging energy, charging power, and location data. The static data encompass records on vehicle makes and models, fleet types (private, taxi, rental, and business use), and relevant vehicle specifications (official ranges, rated battery energy, battery chemistry, etc.). The temporal resolution of charging records is no longer than 30 s, and the spatial resolution is no larger than 10 m. Vehicle specification datasets are obtained from the open databases of EV manufacturers and the Ministry of Industry and Information Technology of China.
This work analyzed real-world charging activities from multiple fast-charging stations across ten key administrative districts in Beijing, China: Xicheng, Dongcheng, Haidian, Chaoyang, Fengtai, Shijingshan, Daxing, Tongzhou, Shunyi, and Changping. It involved fast-charging activities from an extensive fleet of 15,018 EVs.
[bookmark: OLE_LINK1]Fig. S1 shows the data processing procedures. The EV data are first transmitted remotely from vehicles to the data platform. Then, the data are stored and preprocessed in the data platform by using big data technologies. After that, more detailed mathematical models regarding data quality analysis, statistical analysis, machine learning, and user-defined models are utilized for specific investigations. The detailed analytical process is conducted by using Python and relevant packages (NumPy, Pandas, Sklearn, etc). The analytical results are displayed by using various data visualization packages, such as Matplotlib and Seaborn.
[image: ]
Fig. S1 Data processing framework of vehicle data.


2. Scenarios and simulations for future EV fast and ultrafast charging
Scenarios for current and future situations
We designed some future scenarios to reflect the improvement of power battery and DC fast-charging technologies. The design of different scenarios follows the principle that the worst-case real driving range can be maintained at a high level (400–800 km) and the 20%–80% charging time can be controlled within 10–15 minutes. Multiple variables are considered, including the future trend of battery energy increase, the change in energy consumption rate (ECR) with regard to ambient temperatures, and the extra energy consumption from vehicle automation.
First, we look at the ECR of EVs. According to Ref.[1], the average ECR of EVs is 0.15 kWh/km at approximately 18 °C, but the value can increase to 0.23 kWh/km during winter (about -5 °C). In this case, the real range of an EV with a 100-kWh battery would vary between 430–670 km. By considering the impact of vehicle automation on EV ranges, as suggested in Ref.[2], the range of EVs can be reduced by 5–10% for suburban driving and by 10–15% for city driving. Therefore, in our work, we reduce the worst-case range by 10% for compensating the energy consumption of automation. Thus, the worst-case range is decreased from 430 km to 390 km. To simplify the calculation, we convert the reduction of ranges induced by automation to an increase in ECR by 10%. In this way, the highest and lowest ECR of EVs are 0.253 kWh/km and 0.15 kWh/km.
Second, regarding the increase in battery energy, there are three avenues to realize it: (1) increasing the specific energy of battery packs without elevating the total weight of battery systems, (2) adding more battery cells by which the weight and size of battery systems will be increased, and (3) raising battery specific energy and adding more cells at the same time. Recently, EV manufacturers have already made use of nearly all the allowed weight and space in EVs to increase the available driving range (too much weight of a vehicle will negatively affect the ECR and driving dynamics). Therefore, only the first choice (increasing the specific energy of batteries) could be a possible avenue to increase EV battery energy in the future. In this work, we only consider the increase in specific energy of batteries and thus the ECR of EVs will not be affected when EV battery energy is increased, as the weight and size of battery systems will not be changed.
Finally, we design 7 sets of battery energy and charging power to fulfill ultrafast charging processes. For each scenario, two battery energy and two charging power are used to reflect the uncertainty of future technological development. The max and min values of 20%–80% charging times are calculated through dividing 20%–80% battery energy by charging power. Note that the relationship between battery energy and battery capacity is considered a roughly linear relationship.
The equation of 20%–80% charging times is presented as follows:

The estimated real range is calculated by the following equation:

The constructed 7 scenarios and relevant parameters are presented in Table S1. Herein, the S1 is used to reflect the average level of existing EVs on sale, and the S2 is used to suggest the up-to-date advanced EV technologies. Need to mention that not all existing EVs’ fast-charging power can be as high as 120 kW. This is because EVs sold several years ago may only have fast-charging power of 50–100 kW. The S3, S4, and S5 are designed to simulate the trend of EV and battery technology improvement in the next few years. The expected years for scenarios S1–S5 are projected based on the assumption that ultrafast charging can reduce the 20%-to-80% EV charging time to approximately 10 minutes for most EV fleets before 2035. The expected years for scenarios S6 and S7 are projected under the premise that 10-minute ultrafast charging will be achievable in the next decade even in severe cases (winter cases and/or use of automation) where high energy consumption is required. Note that the S6 and S7 are bold assumptions about future technological breakthroughs. Table S1 is identical to Table 1 in the main text.
Table S1 
Scenarios for future EVs with fast or ultrafast charging capability.
	Scenario
	Expected year
	Charging power (kW); 50% at each value
	Battery energy (kWh); 50% at each value
	20% to 80% SOC charging time (min)
	Estimated real range (km)

	S1
	2024 (existing fleet)
	120, 150
	90, 100
	21.6–30
	360–670

	S2
	2025
	150, 250
	100, 120
	14.4–28.8
	400–800

	S3
	2028
	250, 350
	100, 120
	10.3–17.3
	400–800

	S4
	2030
	350, 550
	120, 150
	7.9–15.4
	470–1000

	S5
	2035
	550, 750
	150, 180
	7.2–11.8
	590–1200

	S6
	2040
	750, 1000
	180, 200
	6.5–9.6
	710–1330

	S7
	2045
	1200, 1500
	200, 250
	4.8–7.5
	790–1670



Simulations for charging activities in future scenarios
As shown in Fig. S2, The simulation for future ultrafast charging activities is based on both the real-world charging patterns of existing EVs and the parameters in different scenarios (Table S1). The real-world charging patterns include the time and battery SOC when EVs start charging. The parameters in scenarios include the charging power and battery energy of EVs. In terms of the simulation output, the output charging records involve new start/end times, charging power, charged energy, start/end SOCs.
[image: ]
Fig. S2 Procedure of future charging records simulation


3. Generalized solutions to peak load shaving: dynamic waiting strategy and energy storage deployment.
Two generalized solutions for peak load shaving are utilized in this work: (1) a dynamic waiting strategy and (2) energy storage deployment. Through leveraging these two solutions, the peak loads can be decreased so that an existing fast-charging station could have the capability to cover the power demand from ultrafast charging activities. The methods and implementation procedures of two solutions are elaborated here.
Dynamic waiting strategy. The goal of using a dynamic waiting strategy is to delay a part of charging sessions in a charging station to avoid unbearable high load peaks. The main procedures of the dynamic waiting strategy are shown in Fig. S3. The dynamic charging control system consists of three parts: data input of new arrived EVs, queuing and waiting models, and a charging implementation module. The basic procedures are illustrated as follows:
(1) The information of new arrived EVs including arrival times and vehicle states is recorded and imported into the next-step calculation model. 
(2) All arrived EVs are considered being connected to charges but waiting for commands to transmit power. In this case, these EVs are formed into a virtual queue in which the oldest entered EVs will be permitted to charge first. 
(3) A charging station monitoring system is used to acquire the real-world parameters of charging stations including the real-time station load.
(4) A dynamic waiting model is used to comprehensively evaluate the current station load and future station load. Herein, the future station load indicates the sum of the current station load plus next EV’s charging power. If the future station load exceeds the designated power threshold of this charging station, the next candidate in the queue will keep waiting, otherwise the charging will be permitted.
(5) The implementation module will control the charging process according to the commands from the dynamic waiting model.
(6) The arrival time, waiting time, charging time, and charging power of all EVs that have charging activities in the designated charging station will be recorded and statistically analyzed. Different designed future scenarios (described in Section S2) are used in simulation to explore the impact of the proposed dynamic waiting strategy on future fast-charging stations.
[image: ]
Fig. S3 Dynamic charging control system to control real-time charging of EVs at charging spots.

Energy storage deployment at EV charging stations. The goal of deploying energy storage systems in charging stations is to shave station peak loads by providing extra power. The main procedure of using energy storage is presented in Fig. S4(a). As shown, the dynamic charging power demand from EVs will first be monitored. Then, the energy storage system will choose to discharge or charge or idle according to the control commands from the energy storage control model. At the same time, the control model will continuously receive the real-time parameters describing the operating state of energy storage systems and will make decisions based on both the storage state and EV power demands. After that, a dynamic power output (discharge/charge) of the energy storage system is determined. The station-wide power demand from the grid will then be calculated by using the difference between dynamic EV charging power demands and energy storage output power. The equation is given as follows:

The dynamic control strategy in the model is illustrated in Fig. S4(b). The whole procedure is classified into three steps. 
(1) The first step is to classify the power demand of EV charging. If the EV charging power demand is greater than the designated threshold G, the energy storage system will be ready to discharge, aiming to provide the power exceeding the threshold. However, the final decision cannot be made at this stage because the energy storage may not have the ability to discharge as requested, for instance, no energy is left in the storage or the required power exceeds the maximum power limit of the storage.
(2) In the second step, the model will therefore judge the energy state of the storage. If the energy storage is empty, it will not be controlled to discharge; if it is full, it will not be further charged. Otherwise, the energy storage will engage in charge/discharge activities.
(3) In the final step, the model will determine whether the required power from the storage is within the maximum limit of its discharge/charge power. To that end, we first do a pre-calculation of how much power would be needed from the storage, i.e., Pdis*(t) and Pchg*(t) for discharging and charging power, respectively. If the above required power is within the maximum power limits, the output power of the storage will be equal to the pre-calculated value, as given in the following equation.

If the required power exceeds the maximum power limits, the storage power will be limited to be equal to the allowed maximum value, as given in the following equation. 

By implementing these three steps, the control command for the energy storage system in the charging station can be determined. Since the control of the energy storage system is a real-time process, relevant parameters will be monitored continuously, and the model will be executed in a loop. 
[image: ]
Fig. S4 Dynamic control of energy storage systems in charging stations.

The effects of the dynamic waiting strategy and deployment of energy storage. The simplified procedures and effects for the two solutions are illustrated in Fig. S5. Fig. S5(a) illustrates the procedures involved in the dynamic waiting strategy. The input data include the sets of charging records for different scenarios, load constraints defined in Table 2 in the main text, and parameters to indicate the waiting strategy. Fig. S5(b) summarizes the procedures used for the application of energy storage. The input data for the energy storage model are similar to that for the waiting strategy except for the parameters applied to simulate the energy storage. From the output load profiles of these two solutions, it can be observed that both strategies can effectively keep the load below the designated power constraint.

[image: ]
Fig. S5 Procedures of waiting strategy and energy storage applications




4. Impact of increased EV charging power
[bookmark: OLE_LINK2]We analyze the impacts of increasing EV charging power from two aspects: (1) impacts on average charging power and average charging times during charging sessions, and (2) impacts on station loads.
[bookmark: OLE_LINK3]Impacts on average charging power and times with different final-charging-stage constraints. If the EV charging power is increased in the way that the power at any moment in the charging process is multiplied by a fixed value, the average charging power will be qual to the original average power times the fixed value. However, the charging power of current lithium-ion batteries which are widely used as EV energy storage is usually limited in the final charging stage. This is because existing lithium-ion batteries cannot withstand the same amount of the input power as in early charging stages. Motivated by this, we investigate the changes in average charging power and average charging times with three types of final-charging-stage constraints: (1) non-constrained, (2) constrained (power≤50 kW after 80%), and (3) early termination (only charge to 80%). The final charging stage is defined as the period when the EV battery SOC passes 80%. These three categories of vehicle charging power increase are also explained by mathematical illustrations.
For future charging processes with non-constrained final-charging-stage power, the average charging power () is presented as follows:

where  is the total time of charging process i,  is the ratio of vehicle charging power indicating how many times the original power will become,  is the vehicle charging power at time t in charging process i.
To compare with other types of final-charging-stage constraints, the whole charging process can also be written as the combination of early and final charging processes. The separation point of early and final charging processes in this work is defined as a battery SOC of 80%. The rewritten equation of the average charging power in the non-constrained category is given as follows:

where  and  are the charging power of phase 1 (early stage) and phase 2 (final stage) charging, and  are the time of phase 1 (early stage) and phase 2 (final stage) charging.
[bookmark: OLE_LINK4]On the other hand, for future charging processes with constrained final-charging-stage power, the average charging power () is presented as follows:

where  is the function to constrain the charging power lower than a given upper limit .
For the future charging process that ends before the final charging stage, the average charging power () is formulated as follows:

Next, we compare the average charging power and average charging times across three types of final-charging-stage constraints. 
For  and , it is clear from Equation (S7) and Equation (S8) that the charging processes in phase 1 of two types are identical but the charging power of the constrained type in phase 2 is limited. The increase rate of the constrained one would be therefore lower than the non-constrained one. Moreover, since the average charging power of the constrained type in phase 2 is no longer linearly related to , the average of the charging power in phase 1 and phase 2 will also be nonlinearly related to .
For  and , it can be seen from Equation (S6) and Equation (S9), both of them are linearly related to . However, the charging power and charging times (duration) are different, so we further contrast the increase rates between these two types by math. Here, the comparison is based on a premise that is the charging power of phase 1 for the two types of constraints in the same charging process is identical. The mathematical proof is presented as follows:
First, we formulate the difference between  and  using Equation (S7) and Equation (S9). That is,

It can be converted into the following form:

Then,  and  are utilized to denote the average charging power in phase 1 and phase 2. Hence, we have the conversion as follows:

Then, the Equation (S11) can be written as follows:

The difference of the increase rates of  and  with  are given in the following equation. As illustrated in Equation (S14), as the charging power of EV batteries in the early stage, , is greater than that in the final stage, , the Equation (S14) is therefore greater than 0.

For an EV fleet with a given quantity  of charging sessions, the average of Equation (S14) over the entire EV fleet can be formulated as follows:



The above equations further explain the difference of the increase rates of average charging power vs increasing vehicle charging power in the main text.
Sensitivity of future technological trends and climate impacts. Aside from the 7 scenarios used previously, we included 14 additional scenarios where each one has individual values of charging power and battery energy. For easy comparison, the selection of values is based on the values provided in Scenarios S1–S7 (see Table 1 in the main text). The 14 combinations of charging power and battery energy are listed in Table S2. Additionally, the impacts of charging power reductions due to low winter temperatures on station loads are simulated as well.
For future EV and battery technological trends, 7 values for charging power are selected: 150 kW, 250 kW, 350 kW, 550 kW, 750 kW, 1000 kW, and 1500 kW, and 4 values for battery energy are utilized: 100 kWh, 150 kWh, 200 kWh, and 250 kWh. These values are utilized for constructing the 14 scenarios in Table 1.
For the climate impact, we need to mention that most current EVs have thermal management systems for their lithium-ion batteries. Typically, the performance of lithium-ion battery decreases in winter low temperature. Low temperatures lower the charging power that can be accepted by battery cells and can increase the terminal voltage faster than that in warmer temperatures. With thermal management systems, EV battery packs can be preheated before and during charging. If the battery is preheated perfectly before charging, the charging performance of EV batteries is affected limitedly. However, in cold winter times, EV batteries face challenges to be heated adequately before charging, so the charging power is decreased accordingly, but the charging energy may not be decreased significantly as the battery is being heated during the charging process. A real case of Tesla EVs shown that the power was decreased in winter at supercharging stations; the test indicated that low temperature resulted in longer charging time of 10 minutes and ~40% reduction in peak charging power [3]. In this work, we utilized charging power changes of 0%, -20%, and -50% to display how the decrease in charging affects the results.
Combining figures S6 and S7, we can find that increasing battery energy at a given power level elevates station peak power only when the number of charging EVs at peak times rises. For instance, in the Commercial type in Fig. S6, P1000E100 and P1000E150 have identical peak power but P1000E200 has high peak power demand. This is because the NOCs of P1000E100 and P1000E150 are identical but P1000E200 is higher. Note that P1000E100 means 1000 kW and 100 kWh.
In terms of the impact of low winter temperatures, we find that reductions in charging power due to low temperatures generally decrease station peak power, for instance the P750E150 of the commercial type in Fig. S6. However, they can also maintain or even increase peak power when slower charging leads to significant overlap in charging sessions, for example, the P750E100 category in the Commercial type in Fig. S6.
Table S2
Parameters of charging power, battery energy, and power reductions in sensitivity analysis.
	Charging power (kW)
	Battery energy (kWh)
	Decrease in charging power (%)

	150
	100
	0%, -20%, -50%

	250
	100
	0%, -20%, -50%

	350
	100
150
	0%, -20%, -50%

	550
	100
	0%, -20%, -50%

	
	150
	

	750
	100
	0%, -20%, -50%

	
	150
	

	1000
	100
	0%, -20%, -50%

	
	150
	

	
	200
	

	1500
	150
	0%, -20%, -50%

	
	200
	

	
	250
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[bookmark: OLE_LINK8][bookmark: OLE_LINK9]Fig. S6 Station peak power demand of 14 additional scenarios and 7 previous scenarios. For the x-axis labels, P150E100 indicates that charging power is 150 kW and battery energy is 100 kWh, following the same pattern for all other values. S1–S7 are scenarios defined in previous Table S1. The changes in station peak loads from charging power reductions of -20% and -50% are also shown in the figure.
[image: ]
Fig. S7 Station peak numbers of charging EVs (NOC) of 14 additional scenarios and 7 previous scenarios. For the x-axis labels, P150E100 indicates that charging power is 150 kW and battery energy is 100 kWh, following the same pattern for all other labels. S1–S7 are scenarios defined in previous Table S1. The changes in station NOC from charging power reductions of -20% and -50% are also shown in the figure.


5. Implications of constrained grid interaction
We investigate the effects of utilizing a dynamic waiting strategy or an energy storage system in a charging station with a constrained grid power supply. There is a fact that the power from the grid to the charging station cannot be unlimited especially when the charging station is connected to the distribution network in an urban area. On the other hand, since the fast-charging power of EVs has been increasing significantly in these years, existing fast-charging stations are likely to be unbearable for future ultrafast charging demands. In this context, if the power capacity of existing charging stations remains unchanged, operators of EV fast-charging stations need to take action to handle the elevated fast-charging power demands.
[bookmark: OLE_LINK10]In this part, two prementioned generalized solutions, i.e., the dynamic waiting strategy and energy storage deployment, are utilized to deal with future increasing EV fast-charging power. As it is much easier to replace high-power chargers in charging stations than to improve the grid power capacity, only the power constraint of the grid is considered here. The grid power constraints for EV charging stations are detailed in the Method section in the main text. In short, two types of grid power constraints are employed: 60 kW/charger (C1) and 120 kW/charger (C2). The total power capacity can be calculated by multiplying the number of chargers with 60 kW/charger or 120 kW/charger. Moreover, the models of the dynamic waiting strategy and energy storage systems are demonstrated in Section S3. Seven scenarios indicating different future EV technological improvements are used to investigate the effectiveness of these two solutions in the future. The contents of different scenarios are elucidated in the main text and Section S2.
[bookmark: OLE_LINK11]In Fig. S8, the figures in the left column illustrate the average and maximum waiting times across 7 scenarios for 5 charging stations, and the figures in the right column show the maximum number of concurrent charging EVs in different charging stations with different scenarios. The number of concurrent charging EVs (NOC) is employed to reflect the occupation status of a charging station. The maximum of the original NOC is equivalent to the available charger number. Two types of power constraints (C1: 60 kW/charger and C2: 120 kW/charger) are used to represent the power capability of existing fast-charging stations. Note that the result will not be given if the total charging power cannot afford to charge one EV or if the max waiting time exceeds 60 minutes. The available charger numbers of the five fast-charging stations are 4 (residential), 9 (commercial), 9 (shopping), 8 (industrial), and 24 (airport). If a charging station originally has more chargers, the station power capacity shall thus be greater to support the operation. Therefore, a charging station with more chargers is more likely to provide the required high power during ultrafast charging processes. As shown in the figures, stations with fewer chargers, such as the residential charging station, can only support scenario S1 with a C1 constraint and support scenarios S1–S3 with a C2 constraint. For stations with more chargers, such as the airport charging station, it can support scenarios S1–S4 with a C1 constraint and support scenarios S1–S7 with a C2 constraint. In addition, the maximum NOC decreases evidently with regard to future scenarios S1–S7. A faster charging speed can significantly reduce the average number of concurrent charging EVs.
In Fig. S9, figures compare the minimized storage energy that can satisfy the future ultrafast charging demands for 5 charging stations across 7 scenarios. Five charge/discharge rates (1C, 2C, 3C, 4C, and 5C) and two sets of station power constraints (C1 and C2) are considered. Higher discharge/charge rates can effectively bring down the requirement of storage energy when the rate is lower than 3C. When the charge/discharge rate is above 3C, a marginal increase in the charge/discharge rate has less effect on reducing the required storage energy.
In Figs. S10 and S11, figures show the impacts of charging power reductions due to low winter temperatures on the minimized storage energy required by stations. Two sets of charging power reductions are utilized here: -20% and -50%. Compare Figure 8 in the main text with Figs. S10 and S11, the required storage energy decreases as charging power decreases. For example, by comparing the 1C category among power reductions of 0%, -20%, and -50%, the minimum storage energy decreases nearly at the same rate with the reduction in charging power. This occurs because the use of energy storage does not alter EV charging patterns, resulting in changes in EV charging power being the sole factor influencing the station’s power demand. We note that if peak power demand is higher during specific seasons, such as summer, decision-making for investments should consider if the station energy storage can handle the worst case and thus improve the availability and reliability.


[image: ]
[bookmark: OLE_LINK6]Fig. S8 Effects of dynamic waiting strategy. The left column shows the average and maximum waiting time of EVs when using the dynamic waiting strategy to meet the future fast charging demand. The right column shows the maximum number of concurrent charging EVs. Seven future scenarios (S1–S7) and station power constraints (C1 and C2) are employed as variables.


[image: ]
Fig. S9 Minimized storage energy for seven scenarios across 5 charging stations. Five charge/discharge rates (1C, 2C, 3C, 4C, and 5C) and two sets of station power constraints (C1 and C2) are considered.
[image: A graph of energy storage

Description automatically generated with medium confidence]
Fig. S10 Minimized storage energy with EV charging power reductions of 20% for seven scenarios across 3 charging stations. 3 charge/discharge rates (1C, 2C, and 3C) and two sets of station power constraints (C1 and C2) are considered.

[image: A graph of energy storage
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Fig. S11 Minimized storage energy with EV charging power reductions of 50% for seven scenarios across 3 charging stations. 3 charge/discharge rates (1C, 2C, and 3C) and two sets of station power constraints (C1 and C2) are considered.


6. Investment costs of charging station upgrade
We investigate the initial investment costs and upgrade costs of EV charging stations. In this paper, the currency exchange rate from USD to CNY uses 6.90. 
For the two cases of charging station costs, one in China and one in the US, the calculation is illustrated here. From the report [4], the initial investment of a charging station with 30 60-kW DC fast chargers in China was USD 301,449 (CNY 2.08 million). From the data in ref.[5], in the United States, the cost of a 50-kW DC fast charger was USD 28,401 and the related installation cost (labor, materials, permits, taxes, and utility upgrades) was USD 17,692 per charger (6–50 chargers per site); the cost of 30 50-kW DC fast charger plus the installation costs can reach USD 1.38 million, much more expensive than the cost in China. Need to mention that the price of EV DC fast chargers has been decreasing both in China and in the US in recent years.
We look at the unit cost of pad-mounted transformers in EV charging infrastructure projects in China. In the project [6] for building EV charging infrastructure in Hebei Province in China, the winning bid price for the combination of pad-mounted transformers plus DC charging equipment is CNY 625/kW (USD 90.6/kW), with the DC charging equipment alone priced at CNY 310/kW (USD 44.9/kW); the unit price for the pad-mounted transformer is CNY 315/kVA (USD 45.7/kVA). This unit price is in line with the regular cost range for pad-mounted transformers in charging stations. For instance, a 1250 kVA pad-mounted transformer in an EV charging station would cost approximately CNY 400,000 (USD 57,971), and the unit cost is 46.38 USD/kVA. So, we utilized the unit price of 46 USD/kVA for comparison in this study.
We then look at the price of lithium-ion battery energy storage systems in China. A survey [7] of 14 one-hour energy storage projects in China in 2023 showed that the unit prices of 1C (1-hour storage) lithium-ion battery energy storage systems in these projects are 1.2, 1.23, 1.27, 1.29, 1.29, 1.30, 1.32, 1.34, 1.3526, 1.4, 1.41, 1.45, 1.48, and 1.6 CNY/Wh, with an average of 1.35 CNY/Wh (195.65 USD/kWh). We utilize USD 196/kWh for comparison in this study.
Need to mention that energy storage systems with a lower charge/discharge rate (such as 0.5C corresponding to 2-hour storage) are less expensive with the unit of USD/kWh. This is because higher power costs more in terms of relevant electrical equipment. According to the data [8] in 2022, the prices of battery packs in China were the cheapest, at USD 127/kWh, and the battery pack prices in the US and Europe, respectively, were 24% and 33% higher than in China. For energy storage systems in the US, the data [9] in 2023 suggested that costs stay above 300 USD/kWh for a 4-hour system.
To manage the same increase in the total power of a charging station, the price of battery storage systems is approximately 4 times that of pad-mounted transformers.
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Remote EV data transmission
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Real charging patterns
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