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Abstract

Prediction of the Electric Vehicle (EV) charging demand is of great importance to charging
stations, especially for newly established charging stations whose demand is difficult to
predict due to the absence of past time-series transaction data. This paper develops a
deep learning method to fill the literature gap to predict charging demands for the new
EV charging stations in the next few days, using a transaction dataset containing over
270 charging stations in Nanjing, eastern China. Specifically, our study introduces the
average transactions of neighboring stations as new time-series variables and constructs a
Convolutional Neural Network (CNN) model, which is a novel deep learning method. The
R-squares of the CNN model achieve an average value of 0.90, which outperforms four
time-series prediction models, e.g., the Long Short-Term Memory Network (LSTM) and
the Extreme Gradient Boosting (XGBoost). In addition, we visualize the areas with high
predicted demand for new charging stations using the trained CNN model and achieve a
recommendation accuracy rate of 0.70, providing a reference for EV charging operation
companies to find the optimal location of new charging stations. Accurate prediction for
new charging stations in this study can provide actionable insights to charging station
operators in location selection and create a more favorable EV ecosystem.

Keywords: electric vehicle; EV charging; demand prediction; convolutional neural network;
location selection

1. Introduction
Electric vehicles (EVs) have enjoyed rapid growth in recent years. Their advantages in

the reduction of carbon and particulate matter emission, the cost of manufacturing, and
improved battery life and mileage, have won the favor of a large number of consumers [1–4].
As reported in the Global EV Outlook by the International Energy Agency, global EV sales
exhibit an exponential growth trend and are expected to reach 250 million in 2030 [5]. At the
same time, the number of publicly accessible chargers is expected to rise from 2.7 million in
2022 to 13 million in 2030 worldwide.

While the growing popularity of EVs creates a large demand for EV charging facilities,
the construction of charging facilities is still in short supply [6]. On one hand, the high cost
of a newly established charging station prohibits many operators from entering, including
the construction and operation cost [7–9] and the electricity cost [10–12]. Gamage et al. [8]
find that the unit construction cost of direct current fast chargers ranges from $122,000
to $440,000, and Wang et al. [11] report that the annual grid-upgrade cost per station is
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between $250,000 and $400,000 through field measurements and simulations of high-power
fast-charging stations. On the other hand, there is a geographical mismatch of charging
stations and EV drivers [13,14]. The operators of EV charging facilities are not building
new charging stations in locations with enough charging demands from EV drivers, and
EV drivers usually have problems finding available charging stations nearby. Apart from
spatial mismatch, temporal mismatch also deserves attention [15,16]. Existing stations may
face congestion at peak time and be left idle during off-peak hours. Therefore, it is critical
to predict the charging demand for the newly established stations, accurately identify the
location where EV charging demand–supply mismatch is the greatest, and ensure that
every new EV charging station provides efficient supply and is profitable.

While the previous literature on demand forecasting has examined the transactions [17,18]
and charging load prediction [19–21] of charging stations, the extant literature mainly fo-
cuses on demand prediction for existing charging stations, which is difficult to directly
apply to the forecast for newly established charging stations. Specifically, traditional de-
mand forecasting primarily uses the past time-series transactions of a charging station to
predict its future transactions due to the stability and accessibility of time-series data in
prediction [22–26]. However, it is infeasible to predict charging demand for a new charging
station in the same way since it does not obtain past time-series information. The purpose
of our study is to fill in this research gap.

To solve this problem, this paper introduces new time-series variables and constructs
a deep learning method for prediction. For a new charging station without past transaction
data, we employ time-series transactions from its nearby existing charging stations as the
new time-series variables and construct a Convolutional Neural Network (CNN) model to
predict its future charging demand. The CNN model is a deep learning approach proficient
in mining long-term dependencies and demonstrating strong performance in time-series
prediction [27,28] and has been widely used in energy-related demand prediction [29–31].
In addition, we include station-specific covariates (e.g., number of charging piles, charging
power), weather, temperature, and holiday variables to improve the prediction accuracy.
Using the data from November 2023 to June 2024 from a partner charging station operation
company, we predict the total next-few-days (e.g., 3 and 7 days) demand for new charging
stations (average R2 = 0.90) with the CNN model. Moreover, we introduce four time-
series prediction models as baselines, i.e., Long Short-Term Memory Network (LSTM),
Extreme Gradient Boosting, Spatio-Temporal Graph Convolutional Network (ST-GCN), and
Informer [25]. The prediction results show that the CNN model significantly outperforms
the four baseline models (XGBoost: average R2 = 0.75, LSTM: average R2 = 0.82, ST-GCN:
average R2 = 0.85, Informer: average R2 = 0.86).

Accurate demand prediction helps EV charging operation companies to solve the loca-
tion selection problem of new charging stations. Therefore, our study employs the trained
CNN model and identifies optimal locations for new charging stations by visualizing the
areas with highest demand. We also visualize the current distribution of charging stations
along with our recommendations to provide actionable guidance for companies on where
to build new charging stations. In addition, to verify the prediction results of our model,
we calculate the recommendation accuracy using the performance of actual new charg-
ing stations during the subsequent periods in our dataset. Across 37 newly established
charging stations, our recommendation accuracy achieves 70% at both the top 10 and the
top 20 performing stations. This has significant practical implications for EV charging
operation companies as we narrow down the location-selection consideration set from the
perspective of charging demand and provide solid support for the decision-making in the
location selection of new charging stations.
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This paper makes three key contributions. First, it contributes to the literature on
demand prediction for charging stations. For EV charging operation companies, the
demand prediction for new EV charging stations is the core issue in the location selection of
a new station [32–34]. Yet, the lack of transaction data impedes efficient decision-making by
EV charging operators. We adopt a novel approach by leveraging the transaction data from
nearby stations as a new input feature to solve the problem, which has not been addressed
in the previous literature. Second, the deep learning approach application contributes
to the relevant methodological literature on demand prediction. Our work on demand
forecasting for new charging stations expands the scenarios where deep learning methods
can be employed [25,35–37]. In addition to predicting demand for existing stations using
their own time-series data, deep learning methods are also capable of predicting demand for
new charging stations. Lastly, we visualize our prediction results, which provide valuable
and applicable guidance for companies to build new charging stations. This paper aims
to help accelerate the supply of charging facilities, increase consumer demand for electric
vehicles, and complete the positive feedback loop of green transportation, which may, in
turn, lead to EV drivers’ range anxiety alleviation and a favorable EV ecosystem [9,17,38].

2. Literature Review
2.1. Prediction of EV Charging Demand

Charging demand prediction plays an important role in EV research. Previous studies
mainly focus on the EV charging demand for existing charging stations for the purpose of
infrastructure development, policy making, real-time operation of charging facilities, etc.

First, some studies analyze and build models for EV charging transactions (also called
charging events) in charging stations. For example, Wang et al. [25] and Liu et al. [17]
build Long Short-Term Memory (LSTM) models to predict the EV charging events in
existing charging stations in the short term. Sone et al. [39] propose an uncertainty-aware
deep learning framework to predict EV arrivals at a charging station, and the prediction
performance achieves an R2 of 0.90. Su et al. [36] propose an operating status prediction
model at electric vehicle (EV) charging stations and reveal that the mean forecast error is
around 19.21% when estimating 18 min ahead.

Second, another school of EV-charging research focuses on charging load prediction for
charging stations, which shares similar data and methodologies with transaction prediction.
For example, Yin and Ji [20] develop a fusion deep learning model by introducing a
Bayesian optimization method for charging load prediction, and they also propose a power
prediction model based on federated learning and deep learning [3]. In addition, Wang
et al. [40] use the Monte Carlo simulation method to predict the EV load distribution under
the conditions of specific districts, seasons, and weather. Li and Han [41] propose an edge
aggregation graph attention network (EGAT) prediction method combining LSTM for load
prediction, and Xie et al. [19] also propose a load prediction framework for EV charging
station groups based on multi-graph fusion.

Although these studies have investigated various methods in demand prediction of
EV charging stations, they have only focused on the existing charging stations, and the
demand prediction for new charging stations has not yet been explored. We contribute
to these studies by developing a demand prediction model for new charging stations. By
identifying the demand for new charging stations, our study helps companies respond to
market demands and develop corporate strategies in a more data-driven fashion, which
could facilitate the effective distribution of EV charging facilities and accelerate EV adoption.
Appendix A provides a detailed summary of the literature referred.
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2.2. Data Foundation for Charging Station Demand Prediction

Regardless of the type of demand prediction in the fields of electricity and transporta-
tion, the time-series data always plays a fundamental role. Time-series data is a set of data
where the time interval between observations is fixed and constant (e.g., charging orders at
a charging station in a day or an hour) [42]. A substantial number of studies take time-series
data of the predictor variables as input features [17,25,36,43]. Moreover, Li et al. [44] use
time-series data to predict new energy vehicle sales and charging infrastructure ownership,
and Qiu et al. [24] present an ensemble deep learning method to forecast electricity load
demand based on time-series data.

However, since past time-series transaction data are not available for new charging
stations, we draw on the demand prediction literature that does not rely on time-series
data. Song and Hu [18] predict the number of charging events of a charging station per
week using spatial, weather, and traffic characteristics as inputs (R2 = 0.63). Similarly,
Kabra et al. [45] and He et al. [46] also use the number of points-of-interest (POIs) as an
indicator to assess the demand for bike-share stations (R2 = 0.70/0.67). Although the
R-squares of the models are less than ideal when time-series data is absent, this literature
provides theoretical guidance for our work. Moreover, some literature employs POIs to
assist in forecasting charging demand. Wang et al. [47] grouped regions based on POI
data for forecasting electric vehicle charging demand. Similarly, Tang et al. [48] employed
POI data to conduct precise classification of urban functional zones in order to determine
road network distribution when forecasting electric vehicle charging demand. Kchaou-
Boujelben [49] provides an overview of the charging station location problem, indicating
that charging demand will be affected by different types of POIs. Specifically, their research
indicates that demand for charging stations is not only influenced by historical demand
forecasts but also by local charging demand on the day itself. This can be indirectly
measured by analyzing demand at nearby charging stations. New charging stations tend to
perform better when there is an oversupply of charging demand in an area, and similarly,
there is no need to add new stations if the nearby stations are consistently empty.

We contribute to this literature by employing the daily average transactions of existing
stations in the neighborhood as an input variable to substitute for the missing time-series
data. Meanwhile, we have verified that the new variables outperform traditional pre-
dictions based solely on POIs. Whilst POIs can reflect local demand density to some
extent, they are static and cannot fluctuate in response to external factors such as time or
temperature (weather). In the context of electric vehicle charging, transactions at nearby
charging stations provide a more real-time reflection of local drivers’ charging demand,
demonstrating superior predictive capability.

3. Data Sources
We cooperate with a leading EV charging station operator company in China. As

of May 2023, this company has over 380 thousand public charging piles nationwide. Its
charging operation expanded to more than 200 cities in 2025. The market share of this
company is 19%, which is the second largest in China. For the EV charging station operator
company, the market share of top and third platform is 20% and 16%, respectively. We
collected transaction data from Nanjing, the capital of Jiangsu Province in eastern China,
which includes 294 charging stations operated by the company.

The time period of our data is from 1 November 2023 to 30 June 2024 (242 days in
total). We remove the poorly performing charging stations, which refer to stations with
no charging orders for 220 days or more. Our final data includes 274 charging stations
and their transactions during this period. Besides the transaction data, we also collect the
characteristics of each charging station, such as the number of charging piles (separated by
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fast- and slow-charging), charging power, and price (See Table 1 for detail). In addition, we
collect weather data from a public weather database to increase the prediction accuracy
since weather and temperature may significantly affect user charging behaviors [18].

Table 1. Variables and descriptions.

Variable Name Explanation

Transactioni,t Number of charging orders of charging station i on day t
Avg_transactioni,t Average charging orders of the existing charging stations within 3 km from charging station i at day t

Pricei,t
1 Average charging price of charging station i on day t

Slow_cnti Number of slow-charging piles at charging station i
Fast_cnti Number of fast-charging piles at charging station i
Slowkwi Power of slow charging (in kilowatt) at charging station i
Fastkwi Power of fast charging (in kilowatt) at charging station i
Vipi

2 Dummy variable, whether charging station i is a vip station (Vip discounts on charging price are available)
Pnpi Dummy variable, whether charging station i is a plug-and-play charging station (charge without swiping, scanning, etc.)

Weathert Integer variable, weather conditions for day t; the worse the weather, the higher the value
Temperaturet The mean of the maximum and minimum temperatures in Celsius on day t

Holidayt Dummy variable, whether day t is a weekend or legal holiday
1 Some stations employ dynamic pricing; we compute the average price on day t regardless of price fluctuations
for all stations. 2 We introduce Vipi and Pnpi because the application rate of these two features are the highest of
all station features.

Our research visualizes the distribution of charging stations (see Figure 1a) and the
distribution of charging orders (see Figure 1b) on a map of Nanjing. The coordinate
reference system used throughout the study has been explicitly stated as the World Geodetic
System. Horizontal and vertical coordinates indicate longitude and latitude, respectively,
and the grey lines show the city boundaries and the boundaries of the districts within the
city. We aggregate charging stations and charging orders in hexagonal grids [50], where
the grid color shade indicates the density of quantity. Darker grids indicate that there
are more charging stations or charging orders in the hexagonal region. As shown, most
of the charging stations are located in the downtown districts and central areas of the
suburban districts, and the distribution of charging transaction volumes follows the same
pattern. However, there are also grids where the number of charging stations is small but
the volume of charging orders is relatively high (e.g., grids in the northern center), which,
to some extent, indicates that the location selection of new charging stations needs careful
investigation, rather than merely following the population or POI distribution.

  
(a) (b) 

Figure 1. Charging station and transaction distribution: (a) a heat map for charging stations;
(b) a heat map for charging transactions.
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The descriptive analysis of our data is shown in Table 2. To demonstrate the usage
pattern of charging stations more clearly, we calculate the average number of orders per
day for a charging station (see Figure 2). As presented, the transaction volumes of the
major charging stations (more than 70%) are between 1 and 50, and nearly 10% of charging
stations fulfill more than 50 charging orders per day. There is also 18.6% of charging stations
with less than one charging order each day, which could be attributed to the low demand
for charging in the neighborhood, consumer preferences, parking space grabbing, etc.

Table 2. Descriptive statistics.

Variables Mean Standard Deviation Minimum Maximum
Transaction 19.850 40.150 0 572

Avg_transaction 15.100 22.900 0 266.300
Price 1.142 0.174 0.460 1.600

Slow_cnt 11.230 37.090 0 256
Fast_cnt 6.811 9.629 0 65
Slowkw 3.587 4.194 0 21
Fastkw 77.730 70.070 0 600

Vip 0.445 0.497 0 1
Pnp 0.396 0.489 0 1

Weather 32.100 34.460 0 96
Temperature 13.410 8.630 −4.50 29.250

Holiday 0.313 0.464 0 1

 
Figure 2. The usage pattern of charging stations.

4. Methodology
Table 3 summarizes the terminology used in this paper.

Table 3. Terminology.

Terminology Explanation
n The number of points/records indexed in time order
m The number of past time intervals
p The number of future time intervals
xt The number of transactions at a charging station at day t

avg_xt Average transactions of charging stations nearby at day t, new time-series variables.
x’ Other covariates from Pricei,t to Holidayt (see Table 1)
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4.1. Problem Statement

This paper aims to predict the EV charging demand for new charging stations, which
refers to the daily transactions or charging orders at a charging station. We begin by describ-
ing the general solution to charging demand prediction and next introduce our innovation.
The EV charging demand prediction is formulated as a mathematical problem below:

Given the historical data on EV charging demand at the station level, researchers aim
to develop deep learning models to predict charging demand for the future (e.g., in the next
hours or days). Thus, for each station, the charging transactions can be converted into time-
series data (x1, x2, . . ., xt), t = (1, 2, . . ., n), where n is the number of points/records indexed
in time order, which refers to days in our context. xt is the transactions of a charging station
on day t. Given a sequence of EV charging transactions over the m past time intervals,
i.e., (xt−m+1, . . ., xt−1, xt), a deep learning model is used to predict the transactions at each
charging station for future p time intervals (xt+p). Therefore, the traditional EV charging
demand prediction problem can be formulated by Figure 3a.

(a) (b) 

Figure 3. Time-series prediction model: (a) existing stations’ demand prediction model; (b) new
stations’ demand prediction model.

In our context, this paper aims to predict demand for future new charging stations
that do not form any historical transaction data. Therefore, we introduce a new time-series
variable: the average daily transaction of all charging stations within 3 km of the new
station (avg_xt) and add many new input features as covariates, such as characteristics of
charging stations, holidays, and temperature (see Table 1). In the CNN model construction,
we treat each charging station as a new charging station and use the new time-series
variable and other covariates as inputs to predict the sum of its future transactions over
the next p days. The demand prediction problem for new EV charging stations can be
formulated by Figure 3b.

4.2. EV Charging Demand Prediction Model: Convolutional Neural Network (CNN)
4.2.1. The CNN-Based EV Charging Demand Prediction Model

Recent studies have shown that deep learning methods, which automatically extract
data features and learn non-linear relationships in the data, can make more accurate
predictions than the conventional regression models [25,51,52]. First proposed in 1989 [53]
and developed by Krizhevsky et al. [54], CNN has been widely adopted across various
fields due to its suitability for data structures in different dimensions. In terms of demand
prediction, the CNN model has been widely used in both transport and electricity sectors,
such as charging power demand [35,55,56] and charging transaction demand [2,40].

For the reason that CNN applications vary in different time-series prediction domains
and data structure dimensions [2,57], our research develops a one-dimensional CNN (1D-
CNN) prediction model to ensure operational preciseness and greater generality based on
our data structure. The basic structure of a 1D-CNN is similar to that of a classical CNN,
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which consists of an input layer, a convolutional layer, an activation function, a pooling
layer, and a fully connected layer (see Figure 4).

 

Figure 4. One-dimensional convolutional neural network.

The input layer receives one-dimensional sequence data as input to the model. The
convolutional layer is the core part of the 1D-CNN, which performs convolutional op-
erations on the input sequence using 1D convolutional kernels to extract local features.
The activation function transforms the output of the convolutional layer nonlinearly to
enhance the expressive power of the model. Usually positioned after the convolutional
layer, the pooling layer downsamples the output of the convolutional layer to reduce di-
mensionality and suppress redundant information. This operation concurrently decreases
computational complexity while enhancing model robustness and generalization capability.
Lastly, the fully connected layer is used for global analysis and decision-making on the
features extracted from the convolutional and pooling layers. It maps local features to
global categories or labels to achieve tasks such as classification or regression.

A presentation of all the input variables in our CNN model is shown in Table 1.
The 1D-CNN model was configured with the following specifications: the architecture
comprised three convolutional layers with kernel sizes of 3, 3, and 2, and 64, 128, and
256 filters, respectively. Each was followed by a ReLU activation function and a max-
pooling operation with sizes of 2, 2, and 1. The model was trained for a maximum of
2000 epochs with a batch size of 32, using the Adam optimizer and Mean Squared Error
(MSE) loss. An initial learning rate of 0.001 was employed, with a ReduceLROnPlateau
scheduler to adjust it during training. Regularization was achieved via a dropout rate
of 0.3 and L2 weight decay (1 × 10−4), complemented by early stopping with a patience
of 100 epochs. While conventional time-series CNNs use a sliding window of historical
values (m > 1) as input, our approach set m = 1 because the input already incorporates
7-day historical information (Avg_transactioni,t). This design allows the model to make
predictions for the sum of future transactions (p = 1) using a comprehensive feature set
representing both current conditions and recent historical context. All input features were
standardized using a StandardScaler.

4.2.2. Model Evaluation Metrics

We employ 5 typical evaluation metrics, namely Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), Coefficient of Determination (R2), symmetric Mean Absolute
Percentage Error (sMAPE), and Poisson Deviance, to evaluate model performance by
comparing the difference between the predicted and observed charging demand (denoted
as ŷt and yt, respectively) from different perspectives. MAE calculated by Equation (1) can
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quantify the error between the predicted and observed EV charging demand. Similarly
to MAE, RMSE calculated by Equation (2) is a measure of error between predicted and
true values. However, the RMSE is particularly sensitive to large errors and therefore
reflects model performance in the presence of large deviations. A larger RMSE indicates
a worse performance of the model. The coefficient of determination R2 is the square of
the correlation coefficient R, which indicates the degree of explanation of the dependent
variable y by the independent variable x. The introduction of R2 allows us to determine
the degree of fit of the predicted value ŷt to the true value yt in a more direct way. The
value of R2 calculated by Equation (3) lies between 0 and 1. A larger R2 indicates a better
performance of the model. sMAPE calculated by Equation (4) quantifies the average
magnitude of prediction errors in relative terms, providing an intuitive measure of forecast
accuracy as a percentage deviation from actual values. A lower sMAPE indicates a better
performance of the model. Poisson Deviance calculated by Equation (5) measures how
well the model’s predictions match the Poisson distribution assumption of count data, with
lower values indicating better distributional calibration.

MAE =
1
n

n

∑
t=1

|ŷt − yt| (1)

RMSE =

√
1
n

n

∑
t=1

(ŷt − yt)
2 (2)

R2 =
∑n

t=1(ŷt − y)2

∑n
t=1(yt − y)2 (3)

sMAPE =
100%

n

n

∑
t=1

|ŷt − yt|
(|yt|+ |ŷt|)/2

(4)

D = 2
n

∑
t=1

(
yt log

(
yt
ŷt

)
− (yt − ŷt)

)
(5)

4.3. Testing the CNN Model Within Different Scenarios

Our study sets up 3 scenarios to explore the performance of the CNN model, namely,
Prediction (Scenario A), Comparison (Scenario B), and Recommendation (Scenario C).
In Scenario A, we first employ the new time-series variables and predict the sum of
transactions for new charging stations in the next several days (e.g., 3&7 days). We also
test the sensitivity of our forecasting results to variations in the candidate set of nearby
stations. In Scenario B, we first compare the predictive performance of the model when
using POI as the input variable versus when using time-series data as the input variable.
Second, we compare the CNN’s predictions with commonly used models such as LSTM
and XGBoost to demonstrate the superiority of our approach. Third, we use the trained
CNN model to visualize areas with high predicted demand where new charging stations
are recommended to be built in Scenario C. Details are elaborated as follows.

In Scenario A, we first use the CNN model to predict the total number of transactions
over the next 1, 3, 5, 7, and 10 days (∑

1 (or3, 5, 7, 10)
j=1 xt+j) separately using the new time-

series variables (avg_xt−m+1 − avg_xt). Second, we conduct a sensitivity analysis by
altering the set of nearby stations selected. In our primary analysis, the Avg_transaction
was calculated using the average transaction from other charging stations within a 3 km
radius of the target station. We then observe how the model’s performance changes when
we employ alternative definitions of “nearby stations” and different methods for calculating
Avg_transaction. As for the other covariate inputs not mentioned, we employ all of them
by default in scenarios A, B, and C.
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In Scenario B, we begin by comparing the performance of our method with that of
traditional static point-of-interest (POI)-based prediction approaches. Next, we compare
our model against competitive baseline models, including LSTM, XGBoost, and Spatio-
Temporal Graph Convolutional Network (ST-GCN) and Informer. LSTM is a specialized
recurrent neural architecture designed to model temporal dependencies and long-range
patterns in sequential data, using gating mechanisms to mitigate the vanishing gradient
problem [58]. XGBoost is a highly efficient and scalable gradient boosting framework that
excels at capturing complex feature interactions through its ensemble of decision trees, mak-
ing it particularly effective for tabular data prediction tasks [59]. ST-GCN explicitly models
both spatial relationships between charging stations and temporal dynamics through graph
convolutions and sequential learning, directly capturing the spatio-temporal dependencies
in the station network [60]. Informer is a Transformer-based model specifically designed for
long-sequence time-series forecasting, which improves efficiency through probsparse self-
attention and self-attention distilling mechanisms while maintaining strong performance
on capturing long-range dependencies [61].

In Scenario C, we choose a core area in Nanjing and visualize it in the form of hexagonal
grids. We use the trained model to predict the future transactions over the next 7 days,
provided that a new station is built in each area, and list the top 20 recommended areas for
building new stations. We choose a seven-day total transaction volume because a week
represents a complete working cycle, incorporating both working days and weekends.
Measuring on a weekly basis provides a more accurate reflection of EV drivers’ charging
patterns and the performance of new charging stations.

5. Results
5.1. Scenario A: Prediction

Before prediction, we first divide the 274 charging stations into training and test sets
in an 8:2 ratio (220:54). As we aim to simulate predictions for new stations, the test set must
not contain any stations from the training set. Second, we also divided the time periods
into training (November 2023 to April 2024) and testing (May and June 2024). In summary,
we employ data from 220 charging stations covering November 2023 to April 2024 as the
training set, and data from 54 charging stations spanning May and June 2024 as the test set.
This ensures that neither transactions of “new stations” nor transactions in “new time” are
leaked into the training set (see Figure 5).

Figure 5. Training-Test Split.

In prediction, we employ the new time series variable (the average transactions at other
charging stations within 3 km from a target location) to predict five types of transactions.
First, we predict the next-day transactions for new charging stations to test the feasibility
of the new variable and lay the groundwork for the subsequent prediction of new charging
stations. As presented in Table 4, the prediction results with R2 of 0.87 validates the
new time-series variables as input for the future demand prediction of new charging
stations. It is important to note that, given the focus of this forecast on daily transaction,
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certain charging stations may exhibit negligible or zero transactions. This may result in an
oversized sMAPE value.

Table 4. Prediction results for the transactions in the next several days.

Prediction RMSE MAE R2 MAE
Per Pile sMAPE (%) Poisson Deviance

xt+1 5.72 5.30 0.87 0.31 57.71 3.41

∑3
j=1 xt+j 15.49 11.97 0.89 0.71 48.55 8.92

∑5
j=1 xt+j 26.23 19.40 0.90 1.14 46.97 14.61

∑7
j=1 xt+j 34.22 26.52 0.90 1.56 35.79 22.98

∑10
j=1 xt+j 51.76 39.34 0.91 2.32 29.89 29.61

Next, we make longer-term predictions using the same new time-series variables.
Specifically, we predict the total number of transactions for new charging stations over the
next 3, 5, 7, and 10 days (∑

3(or5,7,10)
j=1 xt+j). The average R2 for the prediction is 0.90, and

results are also shown in Table 4. Their stronger performance than next-day prediction
indicates that our CNN model is more adaptable for a longer-term prediction. It may be
because the sum of transactions in the next few days is more stable than the transactions of
a single day. Note that the MAE and RMSE increase with the number of days, which can
be explained by the larger number of transactions. Even if the predicted and true values
increase proportionally, this still leads to larger MAE and RMSE.

We set the calculation radius for the variable Avg_transaction to 3 km as we consider
this to be an acceptable range for EV drivers when charging. If the target charging station
is unavailable, drivers can locate an alternative nearby. To validate the appropriateness of
3 km, we conduct additional sensitivity analysis. For the total transaction volume of new
charging stations over the next 3 and 5 days, we test the prediction performance using 1 km,
3 km, and 5 km as the calculation radius for Avg_transaction. We also test the performance
using the 3 and 5 nearest charging stations as the calculation radius. The results of the
sensitivity analysis are shown in Table 5.

Table 5. Sensitivity analysis: prediction results under different sets of stations nearby.

Stations Set
Sum of Transactions in 3 Days Sum of Transactions in 5 Days

RMSE MAE R2 RMSE MAE R2

1 km 26.57 17.27 0.77 46.40 30.41 0.79
3 km 15.49 11.97 0.89 26.23 19.40 0.90
5 km 23.11 15.48 0.80 43.45 25.93 0.82

3-nearest 22.06 15.06 0.81 38.86 22.55 0.83
5-nearest 24.50 16.69 0.79 45.12 29.89 0.79

Overall, our model demonstrates robust predictive performance across different sets
of nearby stations. However, a 3 km radius proves to be a more optimal choice compared
to others, which is likely attributable to the uneven distribution of charging stations within
the urban area. Generally speaking, charging stations are more densely concentrated
in central urban areas while becoming sparser in suburban regions. This leads to the
1 km and 5 km radii exhibiting poor adaptability in extreme scenarios–a 5 km radius
proves excessively large in city centers, whereas a 1 km radius becomes too small in
suburban areas. Simultaneously, the k-nearest neighbor parameter setting presents certain
inconsistencies. Without controlling the distance range, it may incorporate distant charging
stations, introducing noise during model training. Within the cities we tested, 3 km
represents a relatively suitable choice, ensuring an adequate number of nearby charging
stations while excluding those at excessive distances.
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5.2. Scenario B: Comparison and Validation

Several studies have established the relationship between variables such as popula-
tion density and points-of-interest (POIs) and transport demand, utilizing these as input
variables to forecast travel demand [46,49]. For comparison, we employ POI data pro-
vided by AutoNavi Map (also known as Amap)—one of the most widely used digital map
and navigation platforms in China, which provides rich and up-to-date POI information
that has been extensively adopted in mobility and demand prediction studies [62,63]. To
systematically evaluate the impact of POI, we test three distinct scenarios: (1) POI only,
(2) POI + Avg_transaction, and (3) Avg_transaction only. Table 6 demonstrates that our pre-
dictions using Avg_transaction only outperform the other two approaches. This is probably
because POI merely simulates charging demand without exhibiting a strong correlation
with actual demand in the context of EV charging. The transaction at nearby charging
stations bears a more direct relationship with demand at the target station, thereby enabling
more accurate forecasting of charging requirements. Furthermore, the joint use of POI and
Avg_transaction may also exist in a potential correlation, introducing unnecessary noise to
the model.

Table 6. Comparison of prediction results for POI and Avg_transaction.

Prediction POI Avg_transaction + POI Avg_transaction

∑3
j=1 xt+j 0.65 0.86 0.89

∑5
j=1 xt+j 0.73 0.89 0.90

∑7
j=1 xt+j 0.69 0.88 0.90

∑10
j=1 xt+j 0.67 0.89 0.91

Second, we compare the CNN results of with those of XGBoost, LSTM, ST-GCN,
and Informer under the four prediction metrics (∑

3 (or 5, 7, 10)
j=1 xt+j), and the results in

Table 7 show that the CNN model significantly outperforms the four baseline models
in predicting the future demand for new charging stations. As shown in Table 7, our
CNN model outperforms all benchmark models by effectively capturing local spatial
patterns with high computational efficiency. The suboptimal performance of the other
models can be attributed to their respective limitations: “XGBoost”s reliance on manual
feature engineering, “LSTM”s high parametric complexity, ST-GCN’s unnecessary graph
constraints for non-graph data, and Informer’s limited ability to capture localized fine-
grained dependencies.

Table 7. Comparison of prediction results (R2) for XGBoost, LSTM, ST-GCN, Informer, and CNN.

Prediction XGBoost LSTM ST-GCN Informer CNN

∑3
j=1 xt+j 0.73 0.81 0.83 0.85 0.89

∑5
j=1 xt+j 0.72 0.82 0.85 0.87 0.90

∑7
j=1 xt+j 0.75 0.84 0.86 0.86 0.90

∑10
j=1 xt+j 0.76 0.84 0.87 0.87 0.91

5.3. Scenario C: Recommendation

In scenario C, we present our predictions for more practical applications for the
company. We first visualize the distribution of charging stations in downtown Nanjing
(see Figure 6a). The geographical area that we choose is a square area in the center of
the city, and the number of charging stations is recorded as of 30 June 2024. To better
demonstrate the recommendations, it is more effective to recommend regions rather than
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specific locations for EV charging operation companies [13,64,65]. Therefore, we divide
the map into hexagonal grids with a radius of 2 km and paint them red, with the shade
indicating the number of stations in the grids [50]. As shown in the figures, the charging
stations are mainly distributed in the center. We also mark some important POIs, such as
Railway Station and South Railway Station, and code each grid to facilitate our subsequent
retrieval for certain grids (see Figure 6b).

  
(a) (b) 

Figure 6. Charging station distribution in the downtown area: (a) station distribution with hexagonal
grids; (b) station distribution with coded hexagonal grids.

In detail, we simulate the opening of new charging stations and predict their total
transactions over the next seven days (1–7 July 2024), at 0.1 intervals of both latitude and
longitude, as shown in Figure 7. Since the region is divided into a hexagonal grid, the
predicted transactions of the new stations in a certain grid are presented as the mean value
of all simulated new stations contained in the same grid.

 

Figure 7. Simulation of adding a new charging station.

It is important to note that besides the new time-series variables (avg_xt), the input
variables for the predictive model should also be included and assigned to some value,
such as the number of charging piles and charging price (see Table 1). For the variables
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Pricei,t, Slow_kwi, Fast_kwi, Slow_cnti, and Fast_cnti of each simulated new charging station,
we make them equal to the mean value of the same characteristics of other existing stations
within 3 km from the new charging station. We set vipi and pnpi to 1 because we suppose
new charging stations will support more advanced features.

To begin with, we show the grids with the top 20 predicted seven-day transactions and
label their numeric grid codes in Figure 8a. First, most of the labeled areas are connected to
each other, such as the grids 780-750-765-339 and 605-167-589, which suggests that there
are excessive charging demands in these grids, and the predicted transactions for new
stations will be high. Second, some recommended grids appear alone, such as number
171. A possible explanation is that although the number of existing charging stations in
these areas is small, they still generate a large number of daily transactions, leading to
substantial predicted charging demands in new stations. These areas may be strategically
advantageous for new charging stations due to lower market competition. Details about
transaction predictions are placed in Appendix B.

  
(a) (b) 

Figure 8. Top 20 grids with the largest predicted transactions: (a) top 20 grids with the largest
transactions; (b) top 20 grids with the largest Transaction_Pile.

Moreover, a practical concern in predicting the total number of transactions is that a
charging station’s daily transactions are limited by its own characteristics, such as the num-
ber of charging piles. A charging station with fewer charging piles will not generate huge
transactions even if it is located in an area with high charging demand. Therefore, our study
calculates an additional metric, Average Pile Transactions (Total Transactions/Number
of Charging Piles), at a certain charging station to better reflect the relationship between
charging demand and charging stations in the region. We show the top 20 predicted best
performers in Figure 8b. As presented in Figure 8b, a new area containing multiple grids
near the logistics center appears on the top list. These grids are good candidates for new
charging stations because although the existing charging stations around this area may
have a low capacity, they still have high charging demand. Details about transactions/piles
prediction are placed in Appendix B.

In summary, we exploit two indicators to recommend potential regions above because
selecting the optimal location for a new charging station necessitates a multifaceted ap-
proach. It should also be emphasized that our model not only provides accurate predictions,
but it also allows for great flexibility because many of the parameters in the model are ad-
justable. Therefore, our approach is highly practical for EV charging operation companies
in location selection for new charging stations.
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5.4. Recommendation Accuracy in Scenario C

In Scenario C, we select an area in downtown Nanjing and employ the trained CNN
model to recommend the hexagonal grids where the predicted demand for new charging
stations is high. In this section, we make a validation of our recommendation results.
During the time period of our data, 37 new charging stations were actually established
and opened in the focal city. We predict the sum of charging demand for these new
charging stations within seven days from their opening day and compare it with their
actual performance. Of the top 10 charging stations with the highest predicted demand,
7 stations are also in the top 10 for actual performance (Accuracy rate: 70%). Of the top
20 charging stations with the highest predicted demand, 14 charging stations also rank
among the top 20 for actual performance (Accuracy rate: 70%). We also computed the
Normalized Discounted Cumulative Gain (NDCG) metric between our predicted ranking
of charging station performance and the actual performance ranking. The NDCG index is a
widely used measure in information retrieval that evaluates ranking quality by considering
both the relevance of items and their positions in the list, with higher weights assigned to
top-ranking positions.

Secondly, for predicting the performance of recommended new charging stations,
we establish a demand density-based prediction as our baseline model. The demand
density model assumes that new stations built in regions with high existing transactions
will achieve high performance rankings. We also conduct straightforward ablation studies
(without weather; without price; without avg_transaction) during validation. All results
are presented in Table 8. Table 8 demonstrates that our model’s predictions outperform
those of the simple demand density-based approach, while the ablation studies confirm
the value of our selected features. We also performed t-tests comparing the predictions of
our CNN model against those of other methods, with all statistical significance at p < 0.01
further validating our findings.

Table 8. Comparison of recommendation accuracy between CNN models and baseline models.

Model Precision@10 Precision
@20 NDCG@10 NDCG@20 T-Test

CNN 0.7 0.7 0.63 0.64 -
Demand-Density 0.3 0.55 0.15 0.40 −4.09 ***
CNN without weather 0.5 0.65 0.48 0.51 −3.56 ***
CNN without price 0.5 0.6 0.41 0.49 1.03 ***
CNN without neighbor average 0.3 0.55 0.24 0.42 −4.28 ***

Note: *** p < 0.01.

Some systematic disturbances cannot be avoided in the performance of actual new
stations. For example, several of the model’s recommended top 10 charging stations have
a limited number of charging piles. Also, even if the average daily charging demand for
charging stations nearby is very high, the limited availability of these stations may be due
to the common phenomenon of parking space grabbing [45,46].

6. Conclusions and Discussion
In this study, we develop a novel deep learning approach to solve the demand pre-

diction problem for new charging stations. For a new charging station without past
transactions, we introduce the average transactions of its nearby stations as new time-series
variables to train the CNN model for demand prediction. First, we employ the new time-
series variables to predict the charging demand for new charging stations over the next
few days (average R2 of 0.90). Second, we compare our CNN prediction results with two
baseline models, i.e., LSTM and XGBoost models, and validate the superior performance
of our model against the baselines (XGBoost: average R2 = 0.75, LSTM: average R2 = 0.82,
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ST-GCN: average R2 = 0.85, Informer: average R2 = 0.86). Finally, we visualize the CNN
model’s prediction results, provided a new charging station is established, and show the
best-performing areas according to the predicted demands. We also validate our trained
model using actual new charging stations, and the accuracy rates achieve 70% (in the top
10) and 70% (in the top 20). The findings of this study provide important theoretical contri-
butions for the demand prediction literature and practical implications for EV charging
operation companies.

6.1. Theoretical and Practical Implications

This study contributes to the literature on demand prediction for charging stations.
The extant literature focuses on demand forecasting for existing charging stations, while
demand for new charging stations has received less attention. In this paper, we propose
a method to predict the demand for new charging stations by using the past average
transactions of nearby stations as a new variable. The favorable prediction for future
transactions at new charging stations fills a gap in the current literature regarding demand
prediction for EV charging stations. Moreover, our findings extend the application scope of
CNN models in electricity demand forecasting. CNNs can not only predict load/demand
for existing charging stations but can also be useful in forecasting for new charging stations.
Finally, we have demonstrated the efficiency and robustness of time-series data. For
demand forecasting, time-series data proves more effective than traditional static POIs in
predicting future demand at charging stations, a finding that holds true even for newly
established charging points.

In practice, EV operation companies are suffering from siting new charging stations
due to high construction costs and high uncertainty of returns. Our study provides impor-
tant implications for these companies. First, we use a CNN model to effectively predict
the daily transaction volume of new charging stations after introducing the new variables.
These predicted transaction volumes can play a critical role in the construction of a new
charging station, since high demand not only indicates undersupply in the vicinity, but
also potential revenue to the company. Second, we have added several new indicators,
such as price and charging power, to the demand forecast, which are important influencers
of the demand for charging stations. Note that these indicators are highly flexible. In
practice, engineers and designers can adjust these metrics based on the on-site situation of
a new charging station and predict the demand accordingly. Finally, we also show the areas
of high predicted demand in the form of hexagonal grids with a radius of 2 km, which
provides an optional range for the site visits of new charging stations.

6.2. Limitations and Future Research

This study also has some limitations, which may provide implications for future research.
First, our study focuses only on the impact of short-term demand for new charging

stations. Due to data limitations, we have not addressed the longer-term benefits of new
charging stations after they are established, which may provide a more valuable reference
for companies. Long-term demand forecasting may become a valuable research topic as
time extends and the number of charging stations increases. For medium- and long-term
prediction, the utilization of transactions aggregated at monthly or quarterly intervals
as model inputs demonstrates greater appropriateness compared to daily data. Stated
differently, employing transaction records from the preceding seven days to predict long-
term volumes for subsequent months (or quarters), or even for a full year, lacks logical
coherence and is difficult to realize in practice.

Second, our research was confined to a single city, which imposes limitations on the
model’s generalizability. Although the selected city Nanjing possesses robust economic
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strength and high demand for electric vehicles, making it a representative case for studying
EV charging stations, significant heterogeneity exists between cities in terms of factors such
as traffic patterns and cultural aspects (including drivers’ charging habits). This hetero-
geneity may impact the model’s ability to generalize. Data constraints hinder our ability to
validate the model across diverse urban contexts. Future research, particularly leveraging
iterative advancements in generative artificial intelligence (such as large language models),
could facilitate the development of city-specific (or province-specific) predictive models.
This would significantly enhance the precision of new charging station deployment and
the matching of charging demand.

Third, our study does not consider the impact of adding a new charging station
on the demand for incumbent stations and the impact of dynamic charging prices (or
other parameters). In the prediction, the key predictive variable (avg_transaction) does
not account for the competitive impact that the new station itself would introduce upon
its opening. This new station would become an active participant in the local market,
potentially cannibalizing demand from existing ones, and this feedback loop is not captured
in our current forecasting approach, which could indeed lead to estimation inaccuracies,
particularly in saturated areas. Moreover, our recommendations for new charging station
locations employ relatively optimistic parameters (such as setting both Vipi and Pnpi to 1,
maintaining unchanged pricing, and using average values for charging point counts). User
charging behavior varies across different times and locations. The construction of new
charging stations requires combining engineers’ physical site assessments with advance
evaluations of each station’s parameters, thereby maximizing the utility of our model.

Fourth, our CNN model tends to predict areas with relatively high demand when
recommending new charging station locations. The rationale underlying this assertion
is that while deep learning is capable of accommodating non-linear relationships, the
fundamental logic of the proposed model is that the construction of new charging stations
in high-demand areas will result in a significant increase in charging orders. This assertion
is founded on logical reasoning, positing that the construction of an additional charging
station in a region characterized by minimal daily transaction volumes is improbable to en-
gender an escalation in EV drivers’ charging demands. However, our model still possesses
the capability to identify areas with nascent demand. It can gradually approximate or antic-
ipate potential trends during the construction of charging station networks. For instance, in
areas where there is an absence of charging stations but charging demand is increasing, EV
drivers will utilize nearby charging stations. This will serve to heighten demand at these
stations, while concomitantly enabling our model to identify the emerging area.
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Appendix A

Table A1. Literature review on charging demand forecasting for charging stations.

Study Research Objective Research Subject Research Method

Liu et al. [17] EV charging schedule Existing stations A data-based intelligent charging scheduling method.

Sone et al. [39] EV charging scheduling algorithms Existing stations Online EV scheduling algorithms to minimize
peak charging demands.

Su et al. [36] Operating status at EV charging stations Existing stations An operating status prediction based on deep learning.

Wang et al. [25] Charging demand prediction Existing stations An LSTM neural network to predict the EV
charging demand for the next few hours.

Wang et al. [40] EV charging behavior and load Existing stations Charging load prediction method based on actual
order data.

Yin and Ji [20]
Yin and Ji [3] EV charging load Existing stations Two different neural network models to predict

charging load.

Li and Han [41] EV charging load Existing stations An EGAT-LSTM method for EV charging
load prediction

Xie et al. [19] EV charging station cluster load Existing stations A load prediction framework for EV charging
station groups based on multi-graph fusion.

Our Work Charging demand prediction New stations Charging demand prediction for new charging
stations based on deep learning.

Appendix B
Appendix B shows the predicted seven-day total transactions in the top 20 areas.

Table A2. Top 20 grids with the largest prediction (num. of transactions).

Rank Grid Index Prediction Rank Grid Index Prediction
1 370 1975 11 605 741
2 780 1975 12 322 729
3 355 1557 13 735 668
4 339 1390 14 350 603
5 354 1386 15 323 597
6 750 1224 16 776 584
7 371 1101 17 791 569
8 765 963 18 171 568
9 338 951 18 589 563

10 766 766 20 167 563

Table A3. Top 20 grids with the largest prediction (Transaction_Pile).

Grid Index Prediction Rank Grid Index Prediction
1 659 99 11 339 71
2 674 99 12 675 70
3 689 99 13 370 68
4 274 99 14 780 68
5 226 95 15 750 66
6 258 94 16 354 65
7 242 92 17 765 59
8 690 86 18 338 59
9 660 80 18 766 58

10 355 74 20 371 57
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