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A B S T R A C T A R T I C L E   I N F O 
The production and sales of electric vehicles have been increasing in line with 
the gradual adaptation of consumers to electric vehicles, driven by various gov-
ernment policies and subsidies over the past decade. As a result, the deploy-
ment of charging facilities, which are essential for supporting electric vehicles, 
has also been extensive. However, despite the rapid development in scale, 
charging facilities face challenges such as low utilization during off-peak hours 
and excessive congestion during peak hours, leading to resource wastage and 
a diminished user charging experience. To address these issues, this study pro-
poses a spatio-temporal prediction model for charging station load. The model 
introduces a global spatial enhancement module to simultaneously learn short-
range and long-range spatial dependencies in the data, resulting in improved 
prediction accuracy. The aim of this research is to provide practical guidance 
in terms of conserving charging resources and enhancing user charging expe-
rience based on spatio-temporal prediction effectiveness. 
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1. Introduction
With the increasing awareness of environmental protection and the increasing preciousness of 
fossil energy, Electric Vehicle (EV) has gradually become a key to address the issues of environ-
mental pollution and energy shortage due to its clean and low-carbon features [1]. Hence, it is 
evident that the electric vehicle industry has garnered substantial attention and support world-
wide. Numerous governments have implemented a range of policy measures to facilitate the de-
velopment of electric vehicles. The Chinese government, in particular, has demonstrated a high 
level of commitment to the electric vehicle industry. In recent years, the National Development 
and Reform Commission, the Ministry of Finance, the Ministry of Industry and Information Tech-
nology, and other relevant departments have jointly issued the Notice on Financial Subsidies for 
the Promotion and Application of New Energy Vehicles (Caijian [2020] No. 86) [2]. With incentives 
such as financial subsidies, tax incentives and quotas for vehicle purchase targets, the production 
and sales of electric vehicles have continued to rise in the domestic market. According to the China 
Association of Automobile Manufacturers (CAAM), the production and sales of new energy vehi-
cles in 2022 were completed at 7,058,000 and 6,887,000 units, respectively, representing year-
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on-year growth of 96.9 % and 93.4 %. In the development plan for the future, the Energy Saving 
and New Energy Technology Roadmap of the China Society of Automotive Engineering expects 
that by 2025, China's new energy vehicle production and sales will reach 8 million units. In the 
next five years, the market size of new energy vehicles will grow even more rapidly and is ex-
pected to reach 15 million units by 2030 [3]. In addition, the promotion of electric vehicles is a 
key initiative to promote the development of green transformation in the global power and trans-
portation sectors, and to achieve the strategic goals of carbon peaking and carbon neutrality (dual-
carbon), and the Paris Agreement has set a target of 100 million electric vehicles in the world by 
2030. This indicates that the number of electric vehicles worldwide has exploded in recent years 
and will continue to grow in the coming years. 

Therefore, electric vehicle charging infrastructure, which is the energy supply for electric ve-
hicles, will develop rapidly under the trend of growth in the number of electric vehicles. To meet 
the increasingly diverse charging demands of electric vehicle drivers, governments and enter-
prises at all stages have invested in the construction of charging piles, charging stations and other 
facilities. However, some issues need to be resolved while the number and scale of charging facil-
ities are expanding. First, ‘no pile for vehicles, no vehicle for piles’ means that the layout and dis-
tribution of electric vehicle charging facilities are not reasonable enough, and the situation has 
gradually revealed itself. In some regions, the supply of charging piles at charging stations is well 
below the demand of electric vehicles, and the symptom of charging difficulty has appeared [4]. 
Simultaneously, in other regions, charging stations are overbuilt with a large number of charging 
piles lying idle, which is a severe waste of resources. This situation reflects the mismatch between 
the construction of charging facilities and EV ownership. Moreover, the generally low utilization 
rate of charging infrastructure is accompanied by the phenomenon of peak congestion. Due to the 
uneven distribution of charging facilities and the volatility of EV users' charging demand, there 
are obvious peaks and troughs in the utilization of many charging facilities. Underutilization not 
only wastes resources, but also reduces the experience of EV users during peak congestion, which 
in turn affects the acceptance of EVs in the EV consumption market. This study finds that the cen-
trepiece of the above issues is the result of the uneven spatial and temporal spread of EV charging 
station loads that is specifically evident [5]. 

A possible solution is to analyse the spatial and temporal distribution patterns of loads at EV 
charging stations and use them as a basis for predicting the spatial and temporal distribution of 
loads [6]. The main contributions of this study are summarized as follows: 

• We built the model structure with higher prediction performance for loaded spatio-tem-
poral data. 

• In the spatio-temporal prediction model, we innovatively built a global spatial enhancement 
module, which enables the model to learn global spatial information directly. Compared 
with the traditional convolutional learning method that gradually improves the sensory 
field by stacking, the global spatial reinforcement module improves the model's learning 
effect on the spatial-dependent features of charging station loading over long distances. 

• In terms of prediction model accuracy, the model we built is better than the baseline model 
in comparison tests, as quantified by two evaluation metrics, with 10.2 % and 7.3 % im-
provement, respectively.  

2. Literature review 
2.1 Charging selection behaviour 

The charging choice behaviour of electric vehicle users is quite different from the traditional re-
fuelling behaviour of fuel vehicle users. Therefore, the study of EV users' charging choice behav-
iour has begun to receive extensive attention from both the academic and technical communities. 
Li et al. revealed that range uncertainty has a significant impact on users' charging behaviour [7]. 
When the range uncertainty is high, users will have a greater tendency to charge their EVs when 
the remaining power is high, in order to reduce the contingencies caused by insufficient power. 
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Therefore, its subsequent study proposed an ordered probability distribution model and sug-
gested that the availability of charging facilities, distance and charging time are important influ-
ences on users' charging behaviour [8]. Meanwhile, Yang et al. studied charging behaviour selec-
tion optimization by using a bi-level optimization model and found that EV drivers are influenced 
by a variety of factors in charging and route selection, including charging facility availability, dis-
tance, charging time, and charging price, etc. [9]. Latinopoulos and Sivakumar found that there is 
also a close relationship between charging location, driving distance, and range anxiety. The above 
studies reveal that the charging choice behaviour of EV users is influenced by a variety of factors 
including availability of charging facilities, distance, charging time, price, remaining charge [10], 
and battery range. 

2.2 Charging station load capacity and influencing factor 

The load of charging station comes from the selection and interaction behaviour of users with 
charging station, so the charging selection behaviour of users influences the distribution and change 
rule of charging station load. Al-Kandari and Soliman in 2003 proposed a load prediction model 
that integrates the consideration of multi-source information and the adjustment of users' deci-
sion-making, and the study considered the influence of users' behavioural patterns and decision-
making strategies on the prediction effect [11]. Sani’s team also conducted a study on the robust 
integration of electric vehicle charging loads in smart grid capacity expansion planning [12], to 
improve the robustness and reliability of grid operation. The study focuses on the impact of user 
behaviour on the planning and integration process, where user behaviour includes uncertainty in 
charging demand, user's charging time period selection, and fluctuation in charging behaviour. 

The EV charging station load in this study is defined as the number of charging piles working 
at a charging station at a given point in time is equal to the number of EVs undergoing charging 
operations. If the number of EVs in a charging station is close to or equal to the maximum charging 
load limit of the current charging station, queuing and congestion occurs at that charging station, 
i.e., the charging station is overloaded. If the number of EVs being charged is significantly less than 
the maximum charging position limit of the current charging station, this represents a more re-
laxed idle state of the current charging station. Therefore, the influencing factors affecting the 
charging station load and its spatio-temporal distribution is a relatively complex dynamic prob-
lem [13]. 

First, regarding the charging price factor, two scholars proposed a data-driven approach based 
on using conditional random field modelling in order to perform a spatio-temporal price elasticity 
analysis of public charging demand for EVs [14]. Meanwhile, Wang et al. proposed an integer hy-
brid planning model in which a vehicle-to-grid (V2G) model is implemented by analysing spatio-
temporal electricity prices and grid load profiles, which integrates electric vehicles into the grid 
for energy delivery and exchange through battery swapping, thus acting as a peak-shaving and 
valley-filling agent for electricity [15]. Second, geographic factors: The location of charging sta-
tions and the characteristics of the surrounding environment are also an important factor affect-
ing the spatial and temporal distribution of charging station loads. Both factors can affect the uti-
lization rate and charging capacity of charging stations. Bian found that the planning of EV fast 
charging stations should be based on point-of-interest segmentation, functional zones, and multi-
ple spatio-temporal features [16]. Points of interest (POIs) help identify potential charging needs, 
functional zones enhance services and functions for charging stations, and multiple spatio-tem-
poral features further optimize the planning and layout of charging stations. Zhang et al. proposed 
an EV charging demand prediction method considering the fine division of functional zones based 
on the characteristics of the functional zones of the city, which are divided into different functional 
zones, such as residential, commercial, and industrial zones [17]. 

The time factor is a key influence on charging station loads, with effects from factors such as 
morning and evening peak hours, weekends, holidays, and seasons impacting the spatial and tem-
poral distribution of charging station loads. Bayram and Galloway focused on pricing strategies 
and distributed control for fast EV charging stations operating in cold climates [18]. Research has 
shown that cold weather can affect battery performance, leading to reduced charging efficiency, 
increased charging time, and influencing user charging behaviour decisions to some extent. Louie 
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modelled the time series of EV charging station loads. By analysing the data of EV charging station 
loads, it was found by Louis that the loads exhibit distinct time series characteristics, including 
random fluctuations, multiple periodicities, and long-term trends [19]. Additionally, Bampos et al. 
developed a predictive model for the electric vehicle load curve (EVLC) [20]. Seasonal variations 
in the predicted performance are explored, deepening the importance of the impact of seasonal 
characteristics on research in this field. 

Spatial factors also play a role in influencing charging station loads. This is because the loads 
between adjacent charging stations may affect each other, depending on factors such as their dis-
tance, number, capacity, type, usage patterns, and demand. In areas with high charging station 
density, stations may compete with each other, leading to uneven loads. Conversely, in more dis-
persed layouts, users may consider additional factors when selecting a station, reducing mutual 
impact. Huang and Kockelman developed a network equilibrium model and considered the elas-
ticity of demand for EV charging and congestion at charging stations [21]. It was found that the 
location selection of charging stations should consider the spatial and temporal distribution of EV 
charging demand, the congestion of charging stations, and the interaction between charging sta-
tions. In particular, an excessive number of charging stations on a regional scale can lead to in-
tense competition between charging stations and network congestion, thus reducing the effi-
ciency of the entire charging network. 

The travel demand and charging demand of EV users can also be affected by special circum-
stances such as holiday periods and participation in large events. Unterluggauer proposed a short-
term load prediction model for EV charging stations using a multivariate multi-step short-term 
memory approach [22]. The effect of holidays was used as one of the input variables of the model 
in the study, this is because the researcher found that holidays may have a significant effect on the 
load of EV charging stations. For example, during holidays, people's travel patterns and charging 
needs may be very different from normal working days, which may lead to results such as higher 
load fluctuations at charging stations. 

3. Research methodology 
3.1 Multi-source data 

In this study, the data types of multi-source dataset are used to cover the business data of EV 
users' charging behaviours at charging stations in Shanghai, the equipment information data of 
EV charging stations, the POI basic information data, the weather data, holidays, and other envi-
ronmental data. Table 1 shows a brief introduction of the data names and contents. 

The total amount of data on charging behaviour at charging stations for the period of August 
30, 2020 to February 28, 2021 for the specific data involved in this study is approximately 117.6 
million. The total number of data items is 64 columns. The number of data pieces totals 1,095,889. 
By processing the business data and equipment data of charging stations, based on the latitude 
and longitude location of the charging stations, we get the specific allocation of the relevant charg-
ing stations shown in Fig. 1. 

Table 1 Detailed introduction of data source and data content 
Data name Data content Data source 
Operational data Operational data generated by users during charging Shanghai charging station online 

platform 
Charging station facility 
data 

Charging station facility information and geographic 
location 

Shanghai charging station online 
platform 

Road network data Shanghai's road location and road property OpenStreetMap open-source da-
taset 

Points of interest data POI name, type and geographic location Gaode Map API 
Weather data Temperature, precipitation, wind, etc. of the day National meteorological data 

sharing platform 
Holiday data The dates of national legal holidays State council website announce-

ment 
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Fig. 1 Distribution diagram of charging station 

 
Fig. 2 Visualization of Shanghai road network data classification 

Meanwhile, by using the Shanghai road network data from the OpenStreetMap open source 
road information database, we simplified the road types in the data structure of the open source 
database for the convenience of the study. First, according to the TYPE-Road Type attribute, high-
way and urban expressway are grouped into A and B road types, which represent the roads that 
need to be connected to the road network A, which represents the type of road that requires the 
user to drive faster across the spatial distance per unit of time. Second, urban main roads and 
urban secondary roads are grouped together as B roads, which represent a road type that requires 
users to cross a moderate distance per unit of time while driving. Finally, urban branch roads and 
rural roads are categorized as C roads, which represent a type of road that crosses a slower dis-
tance per unit of time when the user is driving. The road network visualization of the above three 
road types is shown in Fig. 2. 
3.2 Time distribution characteristics 

The patterns of change in charging station loadings in the time dimension include short-term pat-
terns of change, multiple periodicities, long-term trends, and the effects of special events. 

Fig. 3 shows the short time variation of the load of the charging station. The results indicate 
that the load at a specific time of day is influenced by the load values from the preceding neigh-
bouring hours. Analysing the daily load trend reveals a consistent pattern, characterized by gentle 
upward and downward fluctuations.  

Figs. 4 and 5 show the multiple periodicities characterising the variation of the charging station 
load values. Multiple periodicity refers to the presence of several cycles with different lengths in 
the load values. The charging station loads at a specific time are influenced by loads spanning 
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multiple previous cycles. The periodic effects observed include the same hour of previous days as 
well as the same hour of the corresponding days from previous weeks, which affect the charging 
station load at the target time. This pattern is derived from the results of the autocorrelation func-
tion method. 

 
Fig. 3 Diagram of daily charging load variation at a charging station in Shanghai 

 
Fig. 4 Change in load capacity of charging station within one week 

 
Fig. 5 Loading capacity of charging station varies continuously for multiple weeks 

As shown in Fig. 6, this represents a long-term trend in the values of charging station loads. By 
changing through time, the charging station loads will have an overall trend of increasing in fluc-
tuation. This regularity is reflected according to the results of the exponential smoothing method. 

The pattern of change in the value of the charging station load is affected by some special ef-
fects, including legal holidays (Fig. 7) and special weather such as rainy and snowy days. This fea-
ture is analysed by multiple linear regression method. 

 
Fig. 6 Smoothing result of charging station load index 
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Fig. 7 Trend of load changes during the National Day holiday(seven-day time period) 

Despite holidays, weather should also be considered as a factor that affects the time series 
trend of charging station loads. This is because special weather, such as rain, fog, and snow, can 
affect the travel decisions and charging decisions of electric vehicle users. Similar to the method 
of observing the effect of legal holiday factors on the time series of charging station loads, the 
study compares the trends of the hourly granularity of loads within an average single day under 
four types of weather, namely, rainy day, snowy day, foggy day, and normal. It is found that the 
charging station loads in rainy, snowy, and foggy days are overall smaller than the charging station 
loads under normal days in all hours. This study attempts to find a linear function such that the 
dependent variable can be explained by a weighted combination of the independent variables.  

In this case, 𝑌𝑌 is the dependent variable, 𝑋𝑋1 to 𝑋𝑋𝑘𝑘 are independent variables, 𝛽𝛽0 is the intercept, 
𝛽𝛽1 to 𝛽𝛽𝑘𝑘 are the regression coefficients, and ε is the error term. 

𝑌𝑌 = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 + ⋯ + 𝛽𝛽𝑘𝑘𝑋𝑋𝑘𝑘 + 𝜀𝜀   (1) 
The study in this paper uses four dummy variables to represent weather conditions (holiday, 

rain, snow, and fog). Each dummy variable is a binary indicator variable that takes the value of 0 
or 1. Such variables can help in understanding the effect of different weather conditions on load-
ings. Thereafter, least squares regression was used and statistical information such as estimates 
of regression coefficients, t-statistics, and p-values were obtained. This information helps to un-
derstand the relationship between the independent and dependent variables. For example, the 
regression coefficient indicates the amount of change expected in the dependent variable when 
the independent variable is increased by one unit. The p-value helps to determine whether the 
relationship is significant or not. In the data of this paper, it was found that holidays have a signif-
icant positive effect on loadings at the p < 0.01 level, while rainy and snowy days have a negative 
effect on loadings at the p < 0.05 level, and foggy days have a non-significant effect on loadings, as 
detailed in the analyses shown in Table 2. 

Table 2 Multiple linear regression results with special time effects 
Special time Coefficient t value p value 

Legal holidays 14.25 7.476 0.004** 
Rainy days -3.49 -1.828 0.039* 
Snowy days -6.52 -3.417 0.045* 
Foggy days -4.50 -2.361 0.077 

3.3 Spatial distribution characteristics 

This study defines charging stations with straight line distance between charging stations within 
3 km and road form distance within 5 km as relatively close charging stations. Others are defined 
as relatively distant charging stations. There are three patterns of influence of charging station 
loads in the spatial dimension. Firstly, a charging station with saturated charging load will trans-
mit the excess charging demand in the area to the close charging station. This means that when a 
charging station reaches saturation charging load, it will transfer a portion of the load to neigh-
bouring charging stations, causing the loads of the neighbouring charging stations to rise This 
phenomenon is particularly common during peak periods. As well, there is competition between 
neighbouring charging stations that have not yet saturated their loads. Because they need to share 
limited resources, if the load of a charging station that has not yet saturated increases, it will affect 
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the load of neighbouring charging stations, as shown in Fig. 8. Secondly, high-load charging sta-
tions near points of special interest, such as commercial centres, tend to cluster. This is because 
charging stations located near commercial centres attract more electric vehicles (EVs), leading to 
an increase in charging demand at multiple stations in the surrounding area. 

In this study, the effect of point-of-interest factors on EV mobility patterns and charging load 
distribution is considered. Charging stations within 2 km from the point of interest are defined as 
charging stations around the point of interest. Using multiple linear regression and least squares 
method, the study quantitatively assesses the degree of influence and the confidence level of dif-
ferent types of points of interest on charging station loads. The details are shown in Table 3, where 
the coefficients represent the degree and direction of the influence of the point of interest feature 
on the load of the surrounding charging stations, and the p-value represents the confidence level 
of whether an influence exists. p < 0.05 means that there is a confidence in the influence of the 
corresponding point of interest feature, and p < 0.01 represents a higher level of confidence. 
 

 
Fig. 8 Influence of saturated charging stations on adjacent charging stations 

Table 3 Multiple linear regression results of the influence of interest points 
POI Regression coefficient p value 

Transportation facilities 6.35 0.022* 
Commercial zone 4.37 0.032* 
Official zone 2.72 0.047* 
Residential zone -8.64 0.009** 
Recreation 2.48 0.015* 

The results of the multiple linear regression with point of interest as a variable show that trans-
portation facilities, such as train stations, bus stations, and subway stations, lead to an increase in 
the load of nearby charging stations. Commercial areas lead to a smaller increase in the load of 
nearby charging stations. Office areas likewise increase the load on nearby charging stations to 
some extent, especially during peak commuting hours. Residential areas may have relatively low 
loads on nearby charging stations, and recreational areas, such as movie theatres, parks, and res-
taurants, can lead to an increase in loads on nearby charging stations, especially during legal hol-
idays. As a third pattern, there is also a relationship between charging stations that are farther 
apart where loads affect each other, mainly due to user behaviour. This is because user charging 
needs migrate to more distant areas with their individual driving behaviour. Therefore, the spatial 
dependency of long distances should also be considered. 

3.4 Models construction 

The objective of this paper is to predict the spatial distribution of charging loads at the target time 
𝑋𝑋𝑡𝑡+1 based on the historical data { 𝑋𝑋𝑡𝑡 ∣∣ 𝑡𝑡 = 0,1, ⋯ , 𝑛𝑛 − 1 } of the spatial and temporal distribution 
of electric vehicle electric loads within a single city. Each time period is a matrix containing the 
load values of all EV charging stations for the current time period. The relative position of each 
charging station is also reflected in the number of rows and columns of each value in the matrix. 
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On top of the historical data on the spatial and temporal distribution of loads, the influence of 
multiple sources of factors is also considered and their information is introduced into the predic-
tion model, including relevant road network characteristics, point-of-interest characteristics, le-
gal holidays, and weather characteristics. 

 
Fig. 9 Model framework 

Fig. 9 shows the model architecture developed in this paper. The architecture consists of 4 
parts, which are historical feature inputs, residual structure, global spatial enhancement module, 
and multi-layer perceptron with the introduction of time vectors. In a single round of model train-
ing, weekly-level periodicity, daily-level periodicity, short-term variations, road network infor-
mation, and point-of-interest data from the historical dataset must be stacked together. A convo-
lution operation is then performed to reduce the number of channels in the feature map through 
channel fusion, while keeping the feature map size unchanged. This operation aims to reduce the 
network's parameters and computational complexity while maintaining its performance. The re-
sult of the convolution operation is fed into the residual neural network, which undergoes an ac-
tivation function, a global spatial reinforcement module, a second activation function, and this 
convolution operation to produce a final output of the matrix with the number of channels as one. 
At the same time, information about rainy days, snowy days, legal holidays, and other special 
times is input into the multi-layer perceptron in the form of vectors. The perceptron outputs a 
matrix with the same structure as the residual structure output matrix. These matrices are fused 
to produce the predicted value. The predicted value is then evaluated using a loss function to cal-
culate the loss value for the current round of training. This loss value quantifies the degree of fit 
between the predicted value and the true value. Finally, the backpropagation method is used to 
calculate the gradient of the loss value, enabling the weights and biases of the network to be up-
dated accordingly. 

The historical characteristics of the inputs in the model include time-varying and stationary 
characteristics. The temporal variation characteristics change with the forecast target time 
change, and it includes weekly periodic information, daily periodic information and short time 
variation information, the support for introducing this information comes from the temporal char-
acterization in Section 3.2 of this paper, and their model equations are as follows: 

𝑋𝑋𝑖𝑖
𝑤𝑤 = �𝑋𝑋𝑖𝑖−𝑙𝑙𝑤𝑤 , 𝑋𝑋𝑖𝑖−(𝑙𝑙𝑤𝑤−1), ⋯ , 𝑋𝑋𝑖𝑖−𝑤𝑤� (2) 

𝑋𝑋𝑖𝑖
𝑑𝑑 = �𝑋𝑋𝑖𝑖−𝑙𝑙𝑑𝑑 , 𝑋𝑋𝑖𝑖−(𝑙𝑙𝑑𝑑−1), ⋯ , 𝑋𝑋𝑖𝑖−𝑑𝑑�  (3) 

𝑋𝑋𝑖𝑖
ℎ = �𝑋𝑋𝑖𝑖−𝑙𝑙ℎ , 𝑋𝑋𝑖𝑖−(𝑙𝑙ℎ−1), ⋯ , 𝑋𝑋𝑖𝑖−1� (4) 

It is assumed that the length of the selected time period is 1 hour (𝑎𝑎 = 24 hours). The week-
level periodicity information 𝑋𝑋𝑖𝑖

𝑤𝑤  represents the information about the spatial distribution of the 
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charging station loadings on the same day and at the same hour in the same week w weeks prior 
to the target time i that needs to be predicted. For example, if the target time to be predicted is 
17:00 on March 15, 2021 (Monday), the information of 𝑋𝑋𝑖𝑖

𝑤𝑤  is the spatial distribution matrix of 
charging station loads at 17:00 on March 8, March 1, and so on for the previous 𝑤𝑤 Mondays. The 
day-level periodicity information 𝑋𝑋𝑖𝑖

𝑑𝑑  represents the information on the spatial distribution of the 
charging station loadings at the same hour on the 𝑑𝑑 previous day 𝑖𝑖 to the target time to be fore-
casted. For example, if the target time to be predicted is 17:00 on March 15, 2021, the information 
of 𝑋𝑋𝑖𝑖

𝑑𝑑  is the spatial distribution matrix of charging station loadings at 17:00 on March 14 at 17:00, 
March 13 at 17:00, and so on for the previous 𝑑𝑑 days. The short time variation information 𝑋𝑋𝑖𝑖

ℎ 
represents the spatial distribution information of the charging station loadings for the ℎ hours 
before the target time 𝑖𝑖 to be predicted. For example, if the target time to be predicted is March 
15, 2021 at 17:00, the information of 𝑋𝑋𝑖𝑖

ℎ is the spatial distribution matrix of charging station load-
ings for the ℎ hours before March 15 at 16:00, March 15 at 15:00, etc. 

Fixed features, on the other hand, do not change with the predicted target time. It includes 
point of interest and road network information. The support for introducing this information 
comes from the spatial characterization in 3.3. The equations are as follows: 

𝑋𝑋𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = [𝑋𝑋𝐴𝐴1, 𝑋𝑋𝐴𝐴2, 𝑋𝑋𝐵𝐵1, 𝑋𝑋𝐵𝐵2, 𝑋𝑋𝐶𝐶1, 𝑋𝑋𝐶𝐶2] (5) 

𝑋𝑋𝑃𝑃𝑃𝑃𝑃𝑃 = [𝑋𝑋𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇, 𝑋𝑋𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵, 𝑋𝑋𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴, 𝑋𝑋𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅, 𝑋𝑋𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸] (6) 
𝑋𝑋𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟consists of 6 layers of matrix stacking. Each layer represents the spatial distribution in-

formation of different types of roads. The corner symbols in the Eq. 5 are explained as follows. 

𝐴𝐴1 Unidirectional road of fast road type 
𝐴𝐴2 Bidirectional road of fast road type 
𝐵𝐵1 Unidirectional road of medium-speed road type 
𝐵𝐵2 Bidirectional road of medium-speed road type 
𝐶𝐶1 Unidirectional road of slow road type 
C2 Bidirectional road of slow road type 
𝑋𝑋𝑃𝑃𝑃𝑃𝑃𝑃 consists of a stack of 5 layers of matrices, with each layer representing the spatial distri-

bution information of different types of points of interest. The corner symbols in the equation are 
explained as follows. 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 Transportation facilities 
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 Commercial area 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 Official area 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 Residential area 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 Recreational area 

The rationale for introducing this information is that points of interest can have varying de-
grees of impact on the charging station loadings in their neighbourhoods. The charging station 
load prediction model built in this paper will stack the data mentioned above and feed it together 
into a convolutional layer. It is hoped that the model will establish connections between different 
times in this way as a way of extracting time-dependent information from the data. 

A residual neural network is a framework for deep convolutional neural networks. The core 
idea of residual neural networks is to introduce residual connections into the model. These resid-
ual connections make it easier for the network to learn by skipping certain layers and passing 
information directly. Specifically, assuming that the input to a certain layer is 𝑋𝑋. It is desired that 
the model learns a mapping of 𝐹𝐹(𝑋𝑋). In the residual module, the mapping is actually learned as 
𝐹𝐹(𝑋𝑋) − 𝑋𝑋,which is the residual mapping. After that the input 𝑋𝑋 needs to be added with the residual 
mapping to get the final output𝐹𝐹(𝑋𝑋) = 𝐹𝐹(𝑋𝑋) − 𝑋𝑋 + 𝑋𝑋. This process can be represented by the fol-
lowing equation: 

𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = 𝐹𝐹(𝑋𝑋) + 𝑋𝑋 (7) 
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Compared to traditional convolutional neural networks, this jump connection makes it easier 
for gradients to circulate during back-propagation, thus alleviating the problems of gradient van-
ishing and gradient explosion, and allowing the network to be trained deeper as well as more 
easily. In the study of this paper, the residual unit that performs a single loop can be expressed as: 

𝑦𝑦 =  𝐹𝐹(𝑥𝑥, {𝑊𝑊})  +  𝑥𝑥  (8) 
where 𝑥𝑥 represents input, 𝑦𝑦 is output, 𝐹𝐹(𝑥𝑥, {𝑊𝑊}) is a function with a set of weights {𝑊𝑊}. It repre-
sents a series of convolutional layers and activation functions. The result of the computa-
tion 𝐹𝐹(𝑥𝑥, {𝑊𝑊}) is added to the input 𝑥𝑥 to get the output 𝑦𝑦. In a practical implementation, two or 
more convolutional layers may be included in 𝐹𝐹(𝑥𝑥, {𝑊𝑊}), as shown below:  

𝐹𝐹(𝑥𝑥, {𝑊𝑊1, 𝑊𝑊2})  =  𝑊𝑊2 ∗  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑊𝑊1 ∗  𝑥𝑥) (9) 
Here, 𝑊𝑊1 and 𝑊𝑊2 are the weights of the convolutional layers. ReLU is the nonlinear activation 
function chosen for this model. Substituting this equation into the residual unit equation gives the 
final: 

𝑦𝑦 =  𝑊𝑊2 ∗  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑊𝑊1 ∗  𝑥𝑥)  +  𝑥𝑥 (10) 
As shown in Fig. 10, the global spatial enhancement module we have created can extract the 

spatial dependency relationships at long distances within the network structure. The global spa-
tial enhancement module first separates a portion of the channels from the regular convolution. 
These channels undergo global average pooling to reduce the number of parameters before en-
tering the fully connected layer. The fully connected layer is designed to capture the long-range 
spatial dependency patterns between each pair of charging stations. Its output is added to the 
synchronous convolution output to provide the global spatial dependency parameters learned 
from the convolution output. This approach ensures that the global spatial enhancement module 
can output data of the same shape as the output of the regular convolution operation and can be 
used as input for the residual unit in the next loop. 

 
Fig. 10 Global space enhancement module 

 
Fig. 11 Multi-layer percepton 
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In this model, the medium for learning special fixed-time features such as rainy or snowy 
weather and statutory holidays is a time vector introduced into the entire model through a multi-
layer perceptron. 

The time vector in the model is a vector of length α + 7 + 12 + 1 + 2, where each component 
takes on the value of 0 or 1. The vector encodes the month to which the predicted target time 
belongs, the day of the week, the time interval within a day, whether it is a statutory holiday, and 
whether there is rainy or snowy weather on that day. Among them, the part of the time vector 
with a length of α encodes all time intervals within a day. If 1 hour is chosen as the time interval, 
then α = 24. The part with a fixed length of 7 encodes the 7 days of the week. The part with a fixed 
length of 12 encodes the 12 months of the year. The part with a length of 1 indicates whether it is 
a statutory holiday. The part with a length of 2 indicates two types of weather found in the data 
that have a significant impact on the spatial-temporal distribution of the load. 

The data format of the time vector is not a grid-like data graph that is passed between the 
structures of the model, so convolutional neural networks cannot be directly used to extract in-
formation from it. Therefore, a multi-layer perceptron is used here to learn the vector data and 
transform it into the same data shape as the output of other parts of the model. 

A multi-layer perceptron is a type of feed-forward neural network where each layer is fully 
connected, enabling it to learn complex relationships between input features. In this model, the 
structure of the multi-layer perceptron is shown in Fig. 11. The time vector inputted is first 
dimensionally increased in the first fully connected layer, then goes through an activation func-
tion to enhance the model's non-linear expressive power. It then goes through additional fully 
connected layers to reach the desired data dimension 𝐻𝐻 × 𝑊𝑊, which is the matrix shape used 
for extracting the spatial distribution features of the charging stations in this study. Finally, 
after reshaping the data shape, it matches the output of the residual unit, and the two are added 
together to generate the prediction data. 

4. Result and discussion  
4.1 Modelling effectiveness evaluation 
The evaluation metrics used in this study include Root Mean Square Error (RMSE) and the previ-
ously mentioned MAE. RMSE and MAE directly assess the error between predicted values and true 
values, facilitating an objective observation of the magnitude of deviations. Here, 𝑋𝑋𝑖𝑖represents the 
true value, and 𝑋𝑋�𝑖𝑖 represents the predicted value. The specific equation for RMSE is as follows: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝑇𝑇

�  
𝑇𝑇

𝑖𝑖=1
∥∥𝑋𝑋𝑖𝑖 − 𝑋𝑋�𝑖𝑖∥∥2

2 (11) 

Consistent with the loss function, 𝑋𝑋𝑖𝑖  and 𝑋𝑋�𝑖𝑖  represent the actual data and predicted data for the 
𝑖𝑖𝑡𝑡ℎtime interval, respectively. 𝑇𝑇 is the total number of samples in the test data. 

After four-stages ablation experiments, as shown in Table 4, the smaller the value of the eval-
uation metric, the smaller the deviation between the predicted values and the actual values, indi-
cating a better model performance. It can be observed from the evaluation metric data that grad-
ually introducing the global spatial enhancement module, road network and point-of-interest in-
formation, legal holidays, and special weather information into the model leads to a gradual im-
provement in the overall model effectiveness. This demonstrates that incrementally adding new 
components to the model during its construction can optimize the accuracy of the model predic-
tions.  

Table 4 Results of ablation experiment 
Modelling stage RMSE MAE 
Base model 5.87 3.54 
Base model + global space enhancement module 5.49 3.41 
Base model + global spatial enhancement module + road network & 
points of interest 5.34 3.32 

Full model 5.27 3.28 
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Table 5 presents the performance of the model constructed in this study compared to other 
baseline models in terms of evaluation metrics. It also compares the performance of models with 
different parameters. The parameter selection for the number of time periods within a day is set 
to 24 hours, representing the division of a day into 24 time periods, each lasting 1 hour. The pa-
rameter selection of 48 hours represents dividing a day into 48 time periods, each lasting 30 
minutes. The best performance in terms of evaluation metrics is highlighted in bold in the table. 

 In the evaluation results, it was observed that the performance of various models with a time 
period length of 30 minutes was better than the performance with a time period length of 1 hour. 
Additionally, the model proposed in this paper outperformed the best-performing baseline model, 
which was a Residual Neural Network model, in two evaluation metrics. When compared to the 
Residual Neural Network model, the proposed model achieved a 10.2 % decrease in RMSE and a 
7.3 % decrease in MAE. This indicates that the proposed model exhibits good performance in pre-
dicting the spatial-temporal distribution of electric vehicle charging station loads. 

Table 5 Baseline model comparison results 
Model 1 hour 30 minutes 

RMSE MAE RMSE MAE 
Historical Average Model 10.17 6.59 9.24 6.02 
Auto-regressive Integrated Moving Average Model 
(ARIMA) 9.88 6.51 8.19 5.69 

Recurrent Neural Network (RNN) 9.12 5.86 6.97 4.28 
Long Short-Term Memory Network (LSTM) 8.79 5.83 6.81 4.13 
Convolutional Long Short-Term Memory Network 
(ConvLSTM) 7.32 4.22 6.02 3.85 

Graph Convolutional Neural Network (GCN) 7.87 4.28 6.23 3.99 
Residual Neural Network (ResNet) 7.05 4.02 5.87 3.54 
The model proposed in this paper 6.35 3.71 5.27 3.28 

4.2 Predictive results analysis 

In this section, to demonstrate the predictive effectiveness of the model in real-world applications, 
the predictive results of the model are visualized. In the specific process, two charging stations 
are randomly selected from the dataset, and the actual load variations from Monday to Friday 
within a single week are extracted. The real data variations are then compared with the predicted 
data variations. The comparisons are illustrated in Figs. 12 and 13. 

From the comparison between the predicted values and the actual values, it can be seen that 
the spatiotemporal load forecasting model in this paper can accurately predict the trends and 
magnitudes of load variations for each charging station. While the model successfully predicts the 
general trends of load increase and decrease for the majority of cases, there are discrepancies in 
predicting the specific numerical values of load peaks and valleys, especially in complex and var-
iable real-world scenarios. Overall, the predictive performance of the model is in line with expec-
tations. 

 
Fig. 12 Comparison between predicted and actual load values of a charging station A 
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Fig. 13 Comparison between the predicted and actual load values of a charging station B 

4.3 Parameter impact analysis 

In the global spatial enhancement module, to capture long-distance spatial dependencies, some 
channels of the convolutional neural network are allocated to the fully connected layer. The role 
of the fully connected layer is to learn global spatial information. Fig. 14 illustrates the impact of 
the number of channels allocated to the fully connected layer on the model's predictive perfor-
mance while keeping the total number of channels constant at 128. The graph shows that as the 
number of channels allocated to the fully connected layer increases from 0 to 1, the model imme-
diately benefits, indicating that learning long-distance spatial dependencies in the dataset is 
meaningful for prediction. The model performs better with 24 separate channels, but perfor-
mance decreases with more separate channels. This suggests that both short-distance spatial de-
pendencies and long-distance spatial dependencies are significant and cannot be ignored. 

The impact of the total number of channels in the convolutional neural network on the predic-
tion results is shown in Fig. 15. The evaluation covers a range of total channels from 16 to 128. 
The results indicate that as the number of channels increases, the computational cost also in-
creases, and the model's predictive performance benefits from the increase in the number of chan-
nels. However, the rate of improvement decreases gradually with the increase in the number of 
channels. An increase in the total number of channels leads to diminishing returns in the model's 
predictive performance. Therefore, we clearly defined the predictive goals for the spatiotemporal 
distribution of electric vehicle charging station loads and proposed a multi-feature fusion predic-
tion model based on residual neural networks. This model learns the short-term variations, multi-
periodicity, long-term trends, and special time influences of electric vehicle charging station loads 
in the time dimension. In the spatial dimension, it integrates road network information, charging 
station location information, and various points of interest locations, enabling the model to learn 
the spatial distribution patterns of electric vehicle charging station loads. Additionally, spatial de-
pendencies are categorized into short-distance and long-distance categories, and a global spatial 
enhancement module is designed to help the model focus on long-distance spatial dependencies 
while retaining some channels for learning short-distance spatial dependencies. 

 
Fig. 14 The effect of the number of channels in the full connection layer on the results 
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Fig. 15 Influence of amount of all channels 

In the training process, the loss function MSE and relevant parameters in the model are defined. 
During the model evaluation phase, RMSE and MAE are used as evaluation metrics, and ablation 
experiments and comparative experiments are conducted. Ablation experiments involve gradu-
ally adding key components to observe the prediction errors, showing that the introduction of 
each component significantly enhances the model's predictive performance. In comparative ex-
periments, the proposed model's superior performance in predicting the spatio-temporal distri-
bution of electric vehicle charging station loads is demonstrated by comparing RMSE and MAE 
metrics, with reductions of 10.2 % and 7.3 %, respectively, compared to existing baseline models 
in the field. 

4.4 User demand analysis 

To avoid queuing at congested charging stations, users currently rely on real-time information 
provided by charging station operation platforms and map-based navigation applications to de-
termine which charging stations still have available spaces. However, the rapid fluctuations in the 
load and availability of charging stations make the information on the saturation status of charg-
ing stations outdated by the time users arrive at the station or during their journey. This lag in 
information may lead to discrepancies between users' expectations and the actual situation when 
making charging station selection decisions based on outdated information, such as arriving at a 
station only to find it fully occupied, necessitating a waiting queue. User decisions on charging 
station selection heavily rely on the saturation status information of charging stations, but the 
uncertainty stemming from the time lag in this information has become a major pain point in the 
chain of electric vehicle charging behaviour for users. 

Currently, the pain point primarily lies in the fact that electric vehicle users need to plan their 
charging station selections along the route in advance before embarking on long-distance drives. 
However, since the arrival times at each charging station along the long-distance route vary, the 
pre-queried saturation status information of charging stations also varies in terms of time lag 
based on the different arrival times. Due to the varying time lag of the real-time saturation status 
information that users rely on, planning a rational strategy for selecting multiple charging stations 
before a long-distance journey becomes challenging. This strategy requires accurate prediction of 
the saturation status information at multiple charging stations in the future, serving as determin-
istic information to support decision-making. 

4.5 Charging station selection strategy support 

The electric vehicle charging station load spatial-temporal prediction model established in this 
paper can output predicted values of load levels at multiple charging stations across various time 
intervals and locations in the future. By combining the predicted load data with the actual satura-
tion levels of the charging stations, it is possible to determine which stations will experience queue 
congestion or excessive idleness at specific times in the future. In a specific process, defining the 
saturation load level of a particular electric vehicle charging station as 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 and the predicted 
load level at a future time as 𝐿𝐿𝑖𝑖, queue congestion coefficient as 𝛼𝛼, and idleness coefficient as 𝛽𝛽, 
where 𝛼𝛼 > 𝛽𝛽. Based on the comparison between the load levels 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 and 𝐿𝐿𝑖𝑖 of a charging station 
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at a specific time in the future, the load saturation status of any charging station at any time and 
location in the future can be defined. The load saturation status can be categorized into the fol-
lowing three states: 

Queue Congestion State (C): 𝐿𝐿𝑖𝑖 ≥ 𝛼𝛼 ∗ 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 
Excessive Idle State (L): 𝐿𝐿𝑖𝑖 ≤ 𝛽𝛽 ∗ 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 
Normal Load State (N): 𝛽𝛽 ∗ 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 < 𝐿𝐿𝑖𝑖 < 𝛼𝛼 ∗ 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 
Based on the three divisions of load saturation states, the distribution of load saturation states 

for various charging stations at multiple future time points can be obtained. The schematic dia-
gram of the load saturation states of each charging station in Shanghai at a single time point is 
shown in Fig. 16. 

 
Fig. 16 Influence of amount of all channels 

5. Conclusion and outlook 
On this paper, the load capacity prediction model helps users to predict the load saturation state 
of charging stations at different locations within a certain range at different times. To help users 
identify charging stations where queuing is expected to occur at the target time for circumvention, 
it also helps users to identify charging stations with a large number of idle charging posts at the 
target time to minimize the risk of congestion. This provides users with relatively more accurate 
real-time predictive information for both one-time temporary charging station selection decisions 
and long-term charging plan development. However, the prediction model in this study mainly 
focuses on spatial and temporal distribution characteristics, and in the future, we can consider 
integrating more dimensions of information such as user behaviour and driving behaviour to im-
prove the model's generalization ability and practicality. 
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