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Abstract—Promoting the development of electric vehicles requires the widespread
deployment of charging infrastructure, which poses numerous technical and
financial constraints. Despite extensive research focusing on optimizing charging
station locations, few studies have accounted for charging station utilization and the
factors that influence it. This study aims to evaluate charging station operations and
explore charging station utilization to inform planning and facilitate better utilization
of funds for expanding charging infrastructure. We present EVCSeer, a visual
analytics system that utilizes representative predictive models and well-designed
visualizations to analyze factors affecting charging station utilization, compare
deployment strategies, and optimize utilization. The system also enables “what-if”
analysis of charging station deployments. Two case studies, expert interviews,
and a qualitative user study support the validity and usefulness of EVCSeer.

D ue to depleting oil reserves and deteriorating
environmental pollution, the future of electric
vehicles (EVs) as a major source of new en-

ergy consumption is increasingly promising. Facilitating
the development of EVs requires widespread deploy-
ment of charging infrastructure [18]. Governments and
industries [7] around the world plan to provide millions
in investments to deploy EV charging stations in the
near future.

However, deploying charging infrastructure is ex-
tremely costly and subject to a number of technical and
financial constraints [19]. In order to quickly identify
and expand new charging stations, a large amount
of research has focused on optimizing the location of
charging stations (e.g., how many charging stations
are needed in a given area and where they should
be placed) [17, 3]. Although previous work has pro-
posed a series of representative approaches [4, 14],
they tend to solve complex mathematical problems,
leading to unintuitive and time-consuming results. In
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addition, they focused only on optimizing the location
of charging stations without considering the ultimate
utilization rate1, which is a posterior indicator of charg-
ing station effectiveness. Specifically, a high utilization
rate indicates that existing charging stations are well
utilized, leading to increased profits. A low utilization
rate may indicate a large number of redundant charg-
ing stations that waste resources. Therefore, charging
station utilization can provide feedback for adjusting
the deployment of charging stations.

As the number of EVs and charging stations in-
creases, the utilization of public charging facilities
around the world remains low [6]. Researchers have
conducted a series of studies on charging station
utilization, which generally fall into two categories, pre-
diction and exploration [23, 6]. However, existing works
do not explicitly explore the importance of the different
factors affecting utilization. Although Adenaw et al. [1]
derived a measurable set of influencing factors from
the literature and explored their impact on charging

1Utilization rate/Utilization: the percentage of in-used charg-
ers in a charging station.
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FIGURE 1. Our visualization system, EVCSeer , supports evaluating charging station operations and exploring charging station
utilization. The data overview (A) shows an overview of charging stations, including charging clusters and utilization distribution.
The spatial view (B) shows the spatial distribution of charging stations and detailed information with glyphs. The temporal view
(C) provides temporal information of charging stations and prediction of utilization, as well as exploration of feature importance.
The planning view (D) provides “what-if” analysis, where users can adjust different factors and compare corresponding results.

demand, what they fail to address is how we can
use these factors to tailor deployment strategies (i.e.,
where to deploy charging stations, what types of charg-
ers to install, and how many chargers are needed) to
improve charging station utilization, which is our focus.

Visual analytics is an effective approach for loca-
tion selection problems, which can naturally consider
various influencing factors for deployment strategies.
Previous studies have proposed representative visual
analytics-based interfaces to select facility locations,
such as home finding [21], billboards [13] and ware-
houses [11]. Unlike previous studies, our study applies
visual analytics to charging station location problems,
which remain unexplored and challenging. We need
to consider the posterior indicator (i.e., utilization) and
the impact of different factors on charging station
deployment, as well as people’s preferences in terms
of where and when they charge their EVs [6]. More
importantly, optimizing the utilization of charging sta-

tions is a nontrivial task due to three major chal-
lenges. (C.1) Pattern exploration. The utilization of
charging stations contains large-scale spatiotemporal
data. Charging stations in different regions and at
different times may exhibit different performance and
patterns. Simple statistical approaches cannot provide
an intuitive overview of the spatiotemporal patterns of
large-scale charging station utilization data. Without a
comprehensive understanding of spatiotemporal pat-
terns, it is difficult to guide how to improve the deploy-
ment of charging stations. (C.2) Influencing factors.
The utilization of charging stations is influenced by
numerous factors [1], such as temporal variation in
charging demand, spatial geographic information, and
attributes of charging stations. It is difficult to identify
and understand the most significant influencing factors
and how the influencing factors affect the utilization
of charging stations. (C.3) Deployment strategies.
There may be a large number of charging station
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deployment strategies in a given region. Different de-
ployment strategies have different advantages and dis-
advantages, which may lead to different utilization rates
of charging stations. To obtain a better deployment
strategy, it is necessary to consider different influencing
factors and compare different deployment strategies,
which is challenging.

To address the above challenges, we propose a
visual analytics approach to support the exploration
and understanding of charging station utilization. We
first conduct an observational study of the methods
currently used by domain experts to analyze charging
station utilization and identify their primary needs and
concerns. Then, based on literature and the observa-
tional study, we identify a set of measurable influencing
factors, including spatial information and temporal vari-
ation in charging demand. Specifically, we develop a
predictive model to forecast charging station utilization,
taking into account both spatial and temporal factors.
In addition, we use the SHAP (SHapley Additive ex-
Planations) model [15] to analyze the importance of
features (C.2), which can provide guidance for im-
proving charging station utilization. Next, based on the
identified factors, we evaluate the utilization of charging
stations with the predictive model. Finally, we craft a
visualization system (Fig. 1), named EVCSeer to bet-
ter explore the spatiotemporal patterns of large-scale
charging station data and to effectively compare differ-
ent deployment strategies. Specifically, our system pro-
vides different views, from city-level to location-level,
to support users in exploring spatiotemporal patterns
(C.1). Further, our system provides “what-if” analysis
that allows users to adjust different influencing factors,
which can help to explore better deployment strategies
and improve charging station utilization (C.3). After-
wards, we conduct two case studies, expert interviews
and a qualitative user study to demonstrate the efficacy
of our approach. The major contributions of this paper
can be summarized as follows:

• We consider different spatiotemporal influencing
factors on charging station utilization and com-
pare different deployment strategies, which pro-
vides better guidance for designing deployment
strategies.

• We propose a visual analytics system to sup-
port the exploration, understanding, and “what-
if” analysis of EV charging station deployment
problems, aiming to improve the utilization of EV
charging stations.

• We demonstrate the usability and effectiveness
of EVCSeer through two case studies, expert
interviews, and a qualitative user study.

Related Work

EV Charging Station Siting
With the popularity of EVs in recent years, the siting
problem of charging stations has received increasing
attention. According to the representation of charging
demand [10], models for solving charging station siting
can be broadly classified into two categories: node-
based and flow-based approaches. The node-based
approach assumes charging demand rises directly at
a location, which is similar to classic facility sitting
problems [3]. Researchers often establish correlations
between charging demand and various factors at dif-
ferent locations, such as traffic, POI, population and so
on [4, 1, 24]. On the contrary, the flow-based approach
suggests charging demand occurs when EVs are trav-
eling [10]. In recent years, the charging station siting
problem has seen significant research advancements,
attracting researchers from multiple fields such as
transportation and power systems [17, 20].

Although prior studies contribute significantly to the
charging station location problem, they still have some
limitations. First, the generation of charging demand
is based on some assumptions, which may not re-
flect the situation in the real world. Only a few stud-
ies such as [24] consider the real utilization rate to
better demonstrate the connection between charging
demand and influencing factors. In addition, despite
computational complexity and simplification of many
factors [10], existing models for charging station siting
cannot replace experts to make decisions. However, lit-
tle work has considered how to better integrate domain
knowledge into decisions about the operational status
of EV charging stations. In this work, we focus on
predicting utilization and exploring the factors that influ-
ence utilization. We further develop a visual analytics
system that can help experts make more detailed and
comprehensive decisions based on adjusting different
factors and comparing results.

Charging Station Utilization Analysis
Analyzing charging station utilization can provide feed-
back for adjusting deployment strategies and deploy-
ing appropriate charging stations. Researchers have
conducted a series of studies on charging station
utilization, which generally fall into two categories,
exploration and prediction. In terms of exploration,
many studies explored spatial and temporal patterns
of EV charging station utilization via visualization tech-
niques [16, 6, 8]. However, these efforts mainly focused
on displaying the utilization data directly, which over-
looked explicitly exploring different influencing factors
that may affect utilization and addressing how these
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influences can be used to tailor deployment strategies.
In terms of prediction, it is important to understand
the various factors that affect the utilization of EV
charging stations. The charging demand at a given
location is influenced by activities associated with that
location [1], such as POIs (Points of interest), weather,
traffic, and nearby events. In addition, some attributes
of charging stations, including charging price and ge-
ographic location, are important features that need to
be considered. In recent years, machine learning has
been increasingly used to predict charging demand
and compute feature correlations [23, 26].

In this work, we consider the three aspects men-
tioned above (i.e., temporal variation in charging de-
mand, spatial geographic information, and attributes
of charging stations) and explore the influencing fac-
tors. Moreover, we propose a visual analytics system
to better explore utilization and influencing factors in
spatiotemporal dimensions.

Visual Location Selection

Location selection is an essential issue in modern
urban planning. Previous studies have proposed rep-
resentative visual analytics-based interfaces to se-
lect facility locations, such as home finding [21], bill-
boards [13], retail stores [9], ambulance stations [12],
and warehouses [11]. Unlike previous studies, our
study applies visual analytics to the charging station lo-
cation problems, where we need to consider the poste-
rior indicator (i.e., utilization) and the impact of different
factors on the utilization of a charging station over time.
More importantly, people have certain preferences in
terms of where and when they charge their EVs [6].
For example, people are likely to charge during their
lunch break. They are also likely to charge after work
at a public charging station close to where they live.
Second, people are likely to leave their vehicles during
charging [22]. The environment around the charging
station (especially POI) also affects the location of the
charging station.

In general, the change in charging demand is
closely related to time, space and the surrounding
environment (e.g., POI, nearby charging stations). It
necessitates to demonstrate the influence of different
factors on the utilization over time. Therefore, existing
visualization solutions cannot be directly applied to
our problem. In this work, we integrate several well-
established techniques to explore the spatiotemporal
patterns and the influential factors of utilization data
for large-scale charging stations.

Observational Study

Experts’ Conventional Practices
To understand the current deployment of public charg-
ing stations in the industry, we worked with two domain
experts from two different charging station deployment
companies, denoted as E1 and E2. E1 (male, age:
36) is an engineer who has been involved in charg-
ing station deployment for approximately 8 years. E2
(male, age: 43) is currently the manager responsible
for deploying charging stations and has 7 years of
experience in charging station planning. Both experts
have extensive experience and have helped us gain
a deeper understanding of charging station planning
and insight into the limitations of traditional methods.
Overall, experts believed that the need to deploy charg-
ing stations to meet the growing demand for EVs
remains high. In particular, they shared the typical
process that most charging station companies use to
deploy charging stations, as follows. First, they need
to find some candidate locations. Most of the time,
the candidate locations are usually chosen from public
parking lots or vacant lots. In the next step, they mainly
use the service provided by mobile navigation software
to check the traffic conditions and the surroundings
of the candidate locations (e.g. POI), both of which
are important aspects to ensure user stability. After
the construction is completed, they will monitor and
evaluate the operation of the charging stations.

While domain experts have considered different
strategies for deploying charging stations, they believe
that the current approach is largely based on crude
data analysis and past deployment experience. To sum
up, they have encountered the following major prob-
lems. First, experts only use limited data to analyze
and evaluate different charging stations. E2 mentioned
that “Assessing future returns is hard with limited data,
such as historical utilization and profit. Therefore, we
usually estimate future returns based on averages
and assume the worst-case scenario.” Second, there
is no analysis of the importance of each factor. E1
said “It is difficult to know how each factor affects the
final utilization rate. Once I estimated it would take
two years to recover the investment of a charging
station, but it was achieved in less than one year, and
I’m not sure why.” Third, it is difficult to choose an
optimal deployment option from multiple deployment
schemes. It would be useful to provide some methods
for selecting different deployment options.

To better understand how charging stations are
used in daily life, we further interviewed 10 EV drivers
(8 taxi drivers and 2 ride-hailing drivers). Although they
are not direct target users of our system, they can in-
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form our study from the perspective of charging station
users. Their driving experience ranged from 2 years
to 25 years. In general, they charge their cars when
charging prices are low (midday, afternoon, evening)
and prefer to use fast charging. When charging, they
do other things such as having dinners, going home for
a break, taking a lunch break, using the bathroom and
fetching water. The reasons for choosing a particular
charging station are proximity to home, ease of eating,
no queues, and easy access to transportation. Overall,
the utilization of charging stations is influenced by
drivers’ preferences and daily activities.

Experts’ Requirements
To ensure that our approach meets the needs of the
field, we further interviewed E1 and E2 to identify
their key concerns for improved charging station de-
ployment. Based on the experts’ feedback, we have
summarized the specific design requirements below.

R.1 Explore the spatiotemporal patterns of
charging station utilization. After completing the con-
struction of a charging station, experts need to monitor
and evaluate the operation of the station. Utilization
data can provide direct information about the usage
of charging stations. Therefore, experts expect our
approach to provide an overview of utilization rates
and help them easily explore spatiotemporal patterns,
which can provide valuable feedback guidance for
subsequent charging station deployments.

R.2 Predict the utilization rate of a charging
station. As a posterior indicator, the utilization reflects
the effectiveness of charging stations, helping to de-
cide whether to build charging stations at candidate
locations if knowing the future utilization. Experts want
to predict the utilization of planned charging stations.

R.3 Identify influencing factors and measure
their importance for utilization. Experts mentioned
that they need to consider many different factors before
deciding on the final location of a charging station. In
order to predict the final utilization rate, it is crucial to
identify those factors that have the greatest impact on
utilization. Since land use and the grid are relatively
uncontrollable and almost fixed factors, E1 suggested
that we consider other factors and measure their im-
portance to utilization.

R.4 Compare the operational status of different
charging stations. Charging stations in different areas
and at different times behave differently, which may be
influenced by the surrounding environment and other
factors. Experts said that it would be helpful to compare
the operational status of different charging stations.

R.5 Support “what-if” analysis to select a better
deployment strategy. After identifying a number of

candidate locations for building new charging stations,
some efforts are needed to select a better deploy-
ment strategy. The experts wanted to visualize the
performance of different deployment strategies. They
felt that if we could adjust the different factors and
then immediately see some of the effects, this would
help provide valuable guidance for selecting a better
deployment strategy.

Approach Overview
As shown in Fig. 2, our system pipeline consists of
two parts: the back-end engine and the front-end
visualization. In the back-end engine, we first collect
OD (Origin-Destination), POI (Point of interest) and
utilization data and store them in a database. Then, we
determine the influencing factors (R.3) to predict the
utilization (R.2). After that, we analyze the importance
of different factors (R.3) and build a “what if” analysis
framework (R.5). For the front-end visualization, we de-
velop four coordinated views to facilitate the analysis of
charging station utilization. The data overview provides
an overview of charging stations, such as the distribu-
tion, average, and utilization details for each charging
station (R.1). The spatial view displays the glyphs of
charging stations on a map, allowing easy comparison
of charging station details (R.4). The temporal view
shows the actual and predicted utilization rate as well
as feature importance (R.2 – R.3). The planning view
allows users to make some adjustments to different
factors and explore possible outcomes (R.5). Rich
interactions are also provided to enhance our system.

Back-end Engine

Data Description
Our study focuses on Shenzhen, a city with the
widespread adoption of electric vehicles. Experts pro-
vided us with taxi OD data and charging station uti-
lization data, which have been stripped of identifying
information. We further extract the POI data for Shen-
zhen through a public map API2. Specifically, the data
can be categorized into three groups as follows: 1) OD
Data. OD data records the origin and destination of a
trip, which can display the traffic demand in different
regions of the whole city. The raw data records the
GPS data generated by Shenzhen taxis from Septem-
ber 2019, which contains more than 39 million OD
pairs. To better capture the traffic demand, we divide
the whole city into many 1 km by 1 km grid cells, and

2AMap API: https://lbs.amap.com/
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FIGURE 2. The system pipeline of EVCSeer : in the back-end engine, three types of data are collected, then some features are
identified and used to train a prediction model. Afterward, we combine the prediction model with SHAP to analyze influencing
factors and support “what-if” analysis; in the front-end visualization, four coordinated views with rich interactions are provided
to support the exploration and optimization of charging station utilization.

then count the OD pairs in each grid cell. Over 2.5
thousand grid cells are used. 2) POI Data. POI data
are closely related to the life of citizens and the function
of urban areas. For example, an area with many POIs
of restaurants can indicate a commercial area where
many people come to have lunch. In this study, we
collect over 154, 000 POI data. All POI data can be
classified into 20 industry categories and 158 detail
categories. 3) Charging Station Utilization Data. The
charging station utilization data used in this study con-
tains 2, 201, 760 records from 1, 529 charging stations
in Shenzhen in June 2022. This data records the
number of charging piles used by every 30 minutes. In
addition to the charging station utilization rate, the data
also contains basic information about each charging
station (e.g., location, number of charging piles).

Feature Extraction
In order to predict the utilization, based on the feed-
back from two experts, we consider the factors affect-
ing the demand for charging stations in three main
aspects (i.e., temporal variation of utilization, spatial
geographic information, and attributes of charging sta-
tions) and extract the corresponding features for pre-
diction: 1) Temporal Features. An important feature is
the time-varying character of charging behavior. In our
analysis, we slice the day by 30 minutes and encode
each period. We also consider long-term temporal
behavior, such as the day of the week and whether
it is a weekday. 2) Spatial Geographic Information.
We define 7 variables concerning traffic conditions and
POIs related to charging behavior (i.e., food, shopping,
education, hospitals, transportation facilities and com-
panies). For each charging station, we calculate the
number of 6 types of POIs and destination points within
1 km for each time period. Nearby charging stations as
competitors attract some of the demand. The number
of charging stations within 1 km is denoted as the

competition quantity (“Nearby EVCS”). 3) Attributes
of Charging Stations. First, based on the utilization
data provided by experts, we extract some features
related to charging stations, including utilization and
the number of charging piles. In this study, utilization
refers to the proportion of charging piles used at a
charging station. The features of charging piles include
the total number of charging piles (“Chargers”), the
number of fast charging (“Fast chargers”) and slow
charging piles (“Slow chargers”), which are different for
each charging station. In addition, we develop a web
crawler based on Python to extract the charging price
of different charging stations.

Utilization Prediction & Feature Explanation
To better predict the utilization, we use widely used
models (e.g., QRNN, LSTM, XGBoost [2]) and con-
ducted a series of experiments. Model performance
is measured based on MAE (Mean Absolute Error),
RMSE (Root Mean Squared Error), and EVS (Ex-
plained Variance Score). Lower MAE, lower RMSE,
and higher EVS imply better performance. We choose
XGBoost as the final prediction model because of
its better performance (Table 1). To show how each
feature affects the final utilization prediction, we ap-
ply SHAP [15], an interpretation method that computes
Shapley values at the instance level that can be used
to estimate the feature importance on the utilization
prediction. Compared to other methods, the SHAP
framework can determine whether a factor is benefi-
cial for increasing utilization and quantify the feature
importance of each factor. In addition, SHAP can also
calculate feature importance for each sample, which
allows users to observe changes in feature importance
across time. Therefore, SHAP can better measure the
influence of different factors, which supports “what-if”
analysis and provide assistance in comparing different
deployment strategies for charging stations.
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TABLE 1. Performance comparison of different models.
Model MAE RMSE EVS

Linear 0.15 0.80 42.71%
QRNN 0.15 0.75 51.42%
RandomForest 0.12 0.52 66.78%
LSTM 0.13 0.55 73.64%
XGBoost 0.08 0.18 92.13%

Front-end Visualization

Data Overview
To explore the utilization of charging stations (R.1),
we present the corresponding information in the data
overview (Fig. 1A). The data overview is divided into
two parts: the upper part shows charging station clus-
ters (Fig. 1A1) and the lower part presents the utiliza-
tion distribution of each charging station (Fig. 1A2).
After users select a district, the data overview will
be updated accordingly. The charging stations in the
selected district are first clustered according to their
location and distance using the DBSCAN algorithm [5].
Then, using the t-SNE algorithm, the charging stations
are projected onto a 2D plane based on similarity
(i.e., number of chargers, number of POIs, and traffic
conditions, location clusters generated by the DBSCAN
algorithm). The opacity of the blue donuts indicates
the mean utilization of the charging station and the
similarity information is encoded as different sectors
around the center. In this way, similar charging stations
are placed close to each other on the plane. To avoid
overlap, the sectors around the center will be hidden
at first and only be displayed when users zoom in.
Users can select the station of interest and then the
corresponding information will be updated in the spatial
view and temporal view. Also, users can easily link
to the corresponding charging station in the lower
part of the data overview (Fig. 1A2). The utilization
of each charging station is encoded with a horizontal
box plot, and users can observe the average, minimum
and maximum utilization values. Also, users can sort
this view by these three values and easily compare
different charging stations in this view.

Spatial View
To describe in detail the operation status of different
charging stations and to compare different charging
stations (R.4), we design the spatial view (Fig. 1B),
which contains a map as a background. At a rough
level, each charging station is encoded as a round
glyph on the map (Fig. 1B1). The opacity of the outer
blue circle encodes the utilization. Higher opacity in-
dicates higher utilization and lower opacity indicates
lower utilization. Inside the outer blue circle, two semi-
circles encode the scale of the charging station. The

FIGURE 3. Glyph designs for showing detailed information
about a charging station. (A) A design encodes the POI
information as several bars and encodes the utilization and
price as lines along time. (B) A circular design encodes the
number of chargers and POI information as several sectors,
the charging price as a dark red circular line, and the utilization
on weekdays and weekends as two semi-circular lines (right
and left circular lines). (C) A circular design encodes the
number of chargers as semicircles, the POI information as
several sectors, the charging price as a dark red circular line,
and the utilization on weekdays and weekends as blue and
green circular lines.

yellow semicircle encodes the number of slow chargers
while the orange one indicates fast chargers. A larger
radius indicates a larger scale of charging stations
and vice versa. To display detailed information, users
are allowed to zoom in, and then each round glyph
becomes a detailed glyph (Fig. 1B2), which makes
it easier to compare detailed information about the
charging stations. As shown in Fig. 3C, the glyph
encodes four types of information. In the center, the
radius of two semicircles encodes the number of slow
and fast chargers; the radial pie chart around the two
semicircles encodes different POI information around
the charging station; in the middle part, a dark red
line is used to encode the change in charging price
along a 24-hours circular timeline; in the outer part, two
different colored lines are used to encode the average
utilization rate in weekdays (blue line) and weekends
(green line). Users can easily compare the status of
different charging stations.

Justification. Before finally adopting this glyph de-
sign (Fig. 3C), we considered other alternative designs.
For example, we considered the design in Fig. 3A,
where the utilization and price are encoded with lines,
and POI information is encoded with several bars.
However, the information in this design is relatively
scattered, and it is difficult to demonstrate the specific
location of the charging station on the map. Therefore,
we used a circular design, as shown in Fig. 3B, where
the number of chargers and POI information are en-
coded with several sectors, and the price is encoded
with a circular line in the middle. We then used two
semi-circular lines (the left and right circular lines) to
encode the utilization on weekdays and weekends.
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However, E1 said “it is not easy to compare the uti-
lization on weekdays and weekends.” Therefore, we
considered two full circular lines of different colors to
encode the utilization rate of weekdays and weekends
(Fig. 3C). Moreover, since the number of chargers
and POI are different kinds of factors, we moved the
charger information from the sector to the center of the
glyph. Experts appreciated this design as it facilitates
comparison of the details of each charging station.

Temporal View
In order to display the prediction information of uti-
lization and to explore the influencing factors that
affect the prediction (R.2 – R.3), we design the tem-
poral view (Fig. 1C), which can be divided into four
parts. Fig. 1C1 shows the traffic conditions and charg-
ing prices; Fig. 1C2 presents the charging utilization;
Fig. 1C3 displays the feature importance; and Fig. 1C4

shows the feature overview. In Fig. 1C1, the X-axis
represents the time information, the left Y-axis repre-
sents the number of traffic destinations, and the right Y-
axis represents the charging prices. We use the green
line to indicate the change of traffic destination count
over time and the red line to indicate the charging
prices over time, and we can easily observe the regular
periodicity of the number of traffic destinations and the
stable charging prices. In Fig. 1C2, we use the blue line
to encode the ground truth data and the orange line to
encode the predicted data, which are used to observe
whether the prediction results match the ground truth
data. Fig. 1C3 and C4 are designed to illustrate the
influence of factors and feature importance based on
SHAP. In Fig. 1C4, a rank bar chart is used to provide
an overview of feature importance (whatever positive
impact or negative impact on utilization), and we can
observe that several top features contribute signifi-
cantly to the prediction result, such as “Traffic”, “Price”
and “Chargers”. Since we consider many features,
matching each feature with a separate color can lead
to confusion. Therefore, we only assign different colors
to features with higher influence and provide further
analysis. To better show how the first five important
factors affect the forecasts over time, inspired by the
design of [25], we design a step line with stacked bars
(Fig. 1C3), where the line denotes the real utilization
change and the stacked bars denote the importance
of the factors. As shown in Fig. 4, bars above the
step line indicate factors that have positive impacts
on utilization, while bars below the step line indicate
factors that have negative impacts. The more influential
the factor is, the higher the height of the bar. When
users select a time range in Fig. 1C2, Fig. 1C3 will be
updated with the corresponding time range.

FIGURE 4. Visual design for showing how the top five factors
affect utilization prediction. The step line denotes the real uti-
lization and the stacked bars around the step line correspond
to the factors affecting utilization at different times.

Planning View
To facilitate the selection of a better deployment strat-
egy, the planning view (Fig. 1D) is designed to allow
users to adjust the corresponding factors and compare
different results (R.5). The planning view contains three
parts: the upper part (Fig. 1D1) and the middle part
(Fig. 1D2) show the control panel for adjusting the
factors; the lower part (Fig. 1D3) displays the prediction
results for each deployment strategy. In Fig. 1D1, users
can adjust the number of charging stations and the
ratio of fast and slow charging stations. In addition,
users can also adjust the charging prices in Fig. 1D2.
After some adjustments are made by users, the fi-
nal utilization is calculated by the predictive model.
Users are allowed to observe the results of different
deployment strategies. As shown in Fig. 1D3, users
can compare the previous charging utilization with the
adjusted predicted charging utilization. Also, users can
observe the corresponding changes after adjustment,
such as the number of previous chargers and the
number of current chargers, as well as the ratio of fast
and slow charging stations.

Evaluation
We used two case studies, interviews with experts, and
a user study to demonstrate how EVCSeer can help
users gain insights into charging station utilization pat-
terns and charging station deployment. These included
experts in the collaborative areas mentioned above (E1
and E2) and two other areas (E3 and E4). E1 and
E2 were involved in the design process, while E3 and
E4 were not. E3 (male, age: 45) is a manager with
10 years of experience in deploying charging stations.
E4 (male, age: 34) is an assistant professor whose
research interests are mainly intelligent transportation.
He has 3 years of research experience in optimiz-
ing charging stations. In the interviews, the experts
explored the operational status of charging stations
and deployment strategies of charging stations with
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FIGURE 5. Comparison between charging stations with high utilization and low utilization. (A) The high-utilization charging station
is surrounded by a relatively rich number and type of POIs, and the charging price has a strong influence on its utilization. (B)
The charging station with low utilization is completely idle most of the time, and the number and type of surrounding POIs are
not rich enough. (C) The number of shopping and food POIs has a positive effect on the improvement of utilization.

EVCSeer . Here we reported the cases conducted by
E1 and E2 respectively, as well as the feedback from
all experts. After that, we further reported a user study
with 12 participants to evaluate EVCSeer ’s perfor-
mance in workflow, visual design and system usability.

Case Study
Case I: Explore Charging Station Operational Sta-
tus In the first case, E1 wanted to explore the op-
erational status of charging stations, in particular the
difference between those that are highly utilized and
those that are underutilized.

First, E1 chose a familiar area, the “Futian” district,
the data overview updated correspondingly. “Futian
is the center of Shenzhen, with a large number of
electric vehicles and a high demand for charging.”,
said E1. He observed Fig. 1A1 and found a group of
charging stations with good traffic and POI conditions
nearby, indicated by large green and pick sectors. The
opacity of some blue donuts is high, which means
higher utilization of these charging stations (highlighted
by red dash rectangles in Fig. 1A1). By clicking on
the glyph, the spatial view locates the corresponding
location, which is indicated by a blue marker. As shown
in Fig. 1B1, some charging stations have relatively high
utilization, which is indicated by the high opacity of the
blue circles. Intrigued by those charging stations with
high utilization, he zoomed in to see more details. He
could then observe the glyphs in Fig. 1B2. He imme-

diately noticed that the glyphs showed large sectors
for different POI (purple sectors) on the right of the
map, indicating that these charging stations contain
many different POIs around them. “Charging stations
with various POIs are easy to attract people to. For
example, people tend to charge their cars while they
are shopping and having lunch.” said E1. In addition,
E1 observed an interesting point in the glyphs. Most
glyphs in this area have higher utilization on weekdays
(blue lines) around 8 a.m. and not on weekends (green
lines) around 8 a.m. E1 quickly understood the reason
for this. “People come to work at Futian around 8 a.m.
Then, they charge their electric vehicles around the
office.”

To further observe the traffic conditions and charg-
ing prices, E1 shifted this attention to Fig. 1C1. He
observed a cyclical pattern of traffic conditions (green
line) and charging prices (red line). When traffic vol-
umes are high, the charging price tends to be high.
As shown by the feature importance in Fig. 1C3 and
C4, E1 found that some factors, such as the number of
chargers, traffic conditions, and charging prices have
a significant impact on utilization.

To compare the high-utilization charging stations
with the low-utilization charging stations, E1 directly
used Fig. 1A2 to locate the high- or low-utilization
charging stations. As shown in Fig. 5, he found two
representative charging stations. This high-utilization
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FIGURE 6. “What-if” analysis for improving utilization. (A) Basic information about charging stations. (B) Influencing factors
exploration. (C) Modify charging station deployment.

charging station is surrounded by a relatively rich
number and type of POIs (Fig. 5A1). Charging prices
also vary over time. Fig. 5A2 showed that the traffic and
price are important features that affect the utilization of
this charging station. Conversely, as for the charging
station with low utilization in Fig. 5B1, the area of
all purple sectors is small, which demonstrates the
number and type of surrounding POIs were not rich
enough. The price they charge (dark red line) was also
fixed. Fig. 5B2 also shows that shopping, food and
hospitals have strong influences on the utilization of
this charging station. If there are not many POIs around
shopping and food, it is difficult to attract consumers
or taxi drivers to charge here. Then E1 examined
the changes in these influencing factors over time.
In Fig. 5C1, the blue step line shows that the low-
utilization charging station (Fig. 5B2) is completely idle
most of the time. There are also many purple and
magenta bars above the blue step line, which indicates
the number of shopping and food POIs has positive
effects on the utilization of this charging station. “It
seems that increasing the number of nearby shopping
and food POIs can improve its utilization,” said E1.

In summary, E1 found it interesting to explore the
operational status of charging stations with EVCSeer .
He could easily observe the spatiotemporal patterns of
different charging stations. Also, he could easily iden-
tify those factors affecting the utilization most. What’s
more, he thought it is useful to compare different
charging stations with high or low utilization.

Case II: Adjust Charging Station Deployment In
the second case, E2 wanted to explore how different

factors affect the final utilization and further improve it.

E2 also selected the “Futian” district for exploration.
When he explored the data overview, he noticed a
cluster of charging stations with light blue donuts in
Fig. 6A1, which indicates low utilization. The traffic
demand (green sector) and the number of POIs (pink
sector) near this charging station cluster are high,
which indicates more potential charging demand. E2
then moved the map in the spatial view to the location
of this cluster. In the spatial view (Fig. 6A2), the expert
found two charging stations located in the southeast of
this area. Although these charging stations have more
chargers than other charging stations around them
according to the size of the yellow semi-circles, they
are not as well utilized, as indicated by the light-stroked
blue circles. This finding can also be demonstrated by
the boxplot in Fig. 6A3. The expert zoomed in to get
more information. As shown in Fig. 6A5, there are also
many types of POIs (purple sectors) near these two
charging stations. E2 noted that these two charging
stations are close to a main road. The higher traffic
volume may provide more charging vehicles (Fig. 6A4).
All these findings suggest the above stations have the
potential to increase utilization. E2 chose the charging
station with more POIs (highlighted by a red dash
rectangle in Fig. 6A5) to adjust its deployment strategy.

To understand what factors affect the utilization
of this charging station, E2 shifted his attention to
the temporal view. As shown in Fig. 6B1, he found
that “Chargers”, “Traffic” and “Price” ranked in the top
three in the feature overview. Fig. 6B2 shows how
the influencing factors change over time. In particular,
the height of the dark red bar below the blue step
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line in Fig. 6B3 became higher in the middle of the
day and evening, implying that charging price has
a higher negative impact on utilization during these
times. Therefore, E2 was concerned with adjusting the
charging price and the number of chargers.

E2 could easily observe the difference before and
after the change in the planning view. The original
charging utilization was shown by the blue line and
the current prediction charging utilization was shown
by the light orange line. E2 tried to reduce the charging
prices slightly in Fig. 6C1 and checked the results.
However, the utilization didn’t change significantly in
Fig. 6C3. Regarding the number of chargers, this factor
ranks top one in Fig. 6B1. There are many orange bars
above the blue step line in Fig. 6B2, which suggests
the number of chargers has a positive effect on the
utilization. In addition, E2 explained that the main users
of public charging stations in Shenzhen are taxi drivers.
“Taxi drivers prefer shorter charging time.”, he said.
For these reasons, he added the number of chargers
and turned 20% of the slow chargers into fast chargers
(Fig. 6C2). In this case, the utilization finally improved.
The final result can be seen in Fig. 6C4.

To sum up, E2 believed that EVCSeer could help
him quickly find interesting charging stations and make
deployment adjustments. He could analyze how the
influencing factors change over time and compare
different deployment strategies, which could provide
him with some guidance for adjustments.

Expert Interview
We collected experts feedback from individual inter-
views with the aforementioned experts (E1 – E4).
Each interview lasted approximately one hour. First,
we provided participants with a fifteen-minute tutorial
to outline the functions, as well as the visual designs
and interactions of EVCSeer . Then, participants were
allowed to explore the system with a think-aloud man-
ner for about thirty minutes. In this process, we pro-
vided several tasks to guide their exploration. 1) Find
out the spatiotemporal patterns of charging stations
(R.1). 2) Compare different charging stations (R.4). 3)
Identify important factors affecting the utilization (R.3).
4) Adjust parameters to improve the utilization (R.5).
After that, we collected and summarized post-study
feedback on system designs, usability and suggestions
for improvements.

System Designs. All experts appreciated our ap-
proach to exploring and optimizing the utilization of
EV charging stations. Although E3 and E4 were not
involved in the design process, they could easily under-
stand the visual designs. Both E1 and E2 mentioned
that the existing tools are either not tailored to the

charging station operation scenarios, or have relatively
simple functionality and lack exploration of the rea-
sons for charging station utilization and comparison
of different charging stations. In addition, E3 said that
“the system can give some reasonable guidance on
charging station operation decisions and could help
us understand the reasons for changes in charging
station utilization.” E4 mentioned that the visual design
is different from traditional charts and is relatively novel
and covers more information. He said that “map glyphs
can be a good representation of changes in utilization
rates and charging prices over time.”

Usability and Suggestions. All experts agreed
that the data overview, spatial view and planning view
are easy to understand and use. As for the design of
Fig. 1C3 in the temporal view, E3 mentioned that it was
easy to understand but took some effort to master. He
considered explaining the factors that affect the final
utilization as an advanced feature. E2 suggested that
the system can take into account more factors, such as
land use and power grid, as well as different charging
stations for different types of vehicles. Further, E3
said that “the construction of charging stations is also
an investment. I hope to include some calculation of
the return on investment in the system”. E4 offered
some improvements regarding interaction. He said that
“when a charging station is clicked on, a floating win-
dow can be displayed, showing basic information about
that charging station. It is also helpful to add search
function based on criteria.”

User Study
We also conducted a user study to evaluate EVC-
Seer ’s performance in terms of workflow efficiency,
visual design, and system usability.

Participants. We recruited 12 participants (5 fe-
males, 7 males, agemean=23.5, agestd =2.05) from a
local university through word-of-mouth method. The
participants all have background knowledge of urban
transportation and have many years of study and
research experience in the field of traffic engineer-
ing. They have a basic understanding of simple vi-
sualization techniques. Four of the participants have
conducted relevant research on the charging station
location problem or charging station utilization predic-
tion and are aware of the state of research in the corre-
sponding fields. Although they are not the direct target
users of our system, we chose them because they
could provide us with more comprehensible insights
and help validate the system usability.

Tasks. Participants were asked to sequentially
complete the following two tasks, which guided them
through the pipeline of EVCSeer . Task I was to verify
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FIGURE 7. Result of user study. 1-7 represents “strongly disagree” to “strongly agree” for each statement.

the rationality of the workflow and test whether the
visual design benefits the representation of informa-
tion. In this task, participants were asked to find out
the spatiotemporal patterns of charging stations and
compare different charging stations. Task II was to
examine whether EVCSeer could help users develop
a new deployment strategy. Participants were asked to
identify important factors affecting the utilization and
then adjust parameters to improve the utilization.

Procedure. First, we introduced the overall design
ideas, workflow and framework of the system to the
participants. After that, the system was demonstrated
in around 10-15 minutes with a detailed demonstration
of the functional and visual design of each view. We
then allowed them to pre-operate the system and ask
us questions for another 5 minutes. When participants
were ready, they were asked to perform the tasks de-
scribed above using our system. Participants were also
asked to think aloud about their ideas while performing
all tasks. After completing all tasks, participants had
to complete a questionnaire containing 7-point Likert
scale questions, with scores ranging from 1-7, with
increasing levels of approval.

Results. The result of the questionnaire can be
found in Fig. 7. In general, participants rated EVCSeer
well. The average score of the workflow, visual design
and system usability was above 5.5. For the smooth-
ness and rationality of the workflow, participants gen-
erally agreed that they could easily find some spatial
and temporal patterns of different charging stations
and compare the characteristics of various charging
stations in the same area. In terms of visual design,
the system organized the various information about the
charging stations in a better way. To some extent, the
different views helped users to quickly find the charging
stations they were interested in. Some charts (e.g.,
the temporal view and spatial view) helped participants
understand what influences the use of charging sta-
tions. Two participants felt that the map was a bit clut-

tered when showing multiple charging stations. They
suggested that the system should quickly compare
the differences between different charging stations in
the same area. For the system usability, after a short
training, participants generally understood the overall
design idea of the system and the main functions
of different modules. In general, they could easily
grasp the meaning of each visual design. The overall
operation of the system was also smooth enough.
Some participants would like the system to be more
customizable for charging stations and would also like
more guidance for new users.

Discussion and Limitations
In this section, we discuss the high-level synthetics and
limitations of our approach.

Influencing Factors. In our study, we make full
use of the available data to explore the factors associ-
ated with charging station utilization. Considering the
temporal factors, spatial geographic information (e.g.,
POI and traffic) and attributes of charging stations
(e.g., the number of chargers, charging price, com-
petition quantity), EVCSeer can predict the utilization
well and is recognized by experts. However, due to
the limitations of the platform, it is difficult for us to
obtain the duration of land use and power consumption
capacity that experts are interested in. Therefore, the
relationship between more factors and utilization needs
to be further explored.

Generalizability and Scalability. In our study,
EVCSeer focuses on analyzing the influencing factors
of charging station utilization and siting optimization.
Although different factors need to be considered for
charging stations for different vehicles (e.g. electric
buses, logistics vehicles, sanitation vehicles), our anal-
ysis pipeline and strategy are generic and can be
easily applied. It can also be applied to other applica-
tion scenarios, such as the analysis of electricity con-
sumption forecasting. EVCSeer can help managers
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predict electricity consumption peaks and analyze the
influencing factors according to the characteristics of
residential areas. As for scalability, there exist visual
clutters in the charging clusters (Fig. 1A1) when an-
alyzing a large number of charging stations. Also,
EVCSeer uses too many colors to encode different
factors. In the future, we will adopt filtering techniques
to filter charging stations and explore other encodings
for influencing factors.

Limitations. First, EVCSeer has only been eval-
uated by 4 experts and 12 users. Discussions with
more domain experts are needed to better evaluate
the usability and effectiveness of our system. Second,
the datasets we used in EVCSeer were collected at
different time. The varying time ranges of the datasets
may affect the analysis result. Third, currently, we
chose XGBoost as our final model because of its better
performance. We realize that there is still room for
improving the utilization prediction. For example, we
did not explicitly consider the relationship between the
factors in the model. In the future, we will work to obtain
higher quality data and optimize our prediction model
to better represent the relationship between factors
and utilization rates.

Conclusion and Future Work
In this study, we present an interactive visual analytics
system, EVCSeer to facilitate the evaluation of charg-
ing station operations and optimize charging station
utilization. We identify a set of measurable influences
(i.e., temporal variation in utilization, spatial geographic
information, and attributes of charging stations) and
employ representative predictive models to explore
how these factors affect charging station utilization.
In addition, elaborate visualizations are presented to
explore spatiotemporal patterns of utilization data and
support “what-if” analysis of charging station deploy-
ments. Two case studies, expert interviews, and a
qualitative user study demonstrate the validity and
usefulness of EVCSeer .

In the future, we plan to collect more data and
consider more influencing factors, such as land factor
and service area population, to improve system usabil-
ity. Also, we want to improve the performance of the
prediction model. In addition, we will conduct a long-
term study with end users to evaluate the usability and
effectiveness of EVCSeer .
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