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ABSTRACT

The rapid development of electric vehicle (EV) has led
to a widespread distribution of charging stations (CS).
The real-time and accurate acquisition of EV charging
load plays an important role in charging load forecasting
and power grid dispatching. However, failures of power
acquisition devices or communication lines lead to
missing collected data at some time points, making the
virtual acquisition of charging load of great significance.
Currently, most studies on virtual acquisition focus on
distributed photovoltaics, while few focus on that for
charging load. To this end, a virtual acquisition method
of charging station data considering similarity day and
similarity station is proposed. The gray correlation
degree and cosine similarity are used to form a similarity
composite index for selecting similar days. The Pearson's
correlation coefficient is used to select similar stations
considering historical data from each CS. A training set is
constructed using the characteristic data of similar
stations on similar days. After that, the LightGBM model
is trained and perform virtual acquisition of charging
station data within the region. Finally, the model is
validated using actual data from a certain province in
China as a case study.
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NONMENCLATURE
Abbreviations
EV Electric Vehicle
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1. INTRODUCTION

In recent years, with the rapid development of EVs,
the coverage of CSs has become increasingly extensive.
In most regions, CSs are characterized by scattered and
disorderly distribution, as well as a large number of sites
covering a wide area. Charging load has become an
important component of power grid load. The real-time

and accurate acquisition of EV charging load is of great
significance for charging load forecasting, power grid
dispatching, and other related work. However, faults in
power acquisition devices or communication lines can
lead to the absence of charging load acquisition data at
certain times. Therefore, the virtual acquisition of
charging load is of great significance for obtaining
complete charging load data.

Nowadays, research on virtual acquisition mainly
focuses on photovoltaic power stations. Ref. [1] provide
a detailed introduction to the process of DPVS virtual
acquisition and identify the challenges faced by virtual
acquisition through problem analogy. Ref. [2] employs a
continuous-binary denoising auto-encoder to analyze
the static characteristics of a multi-photovoltaic system
and select reference PV. Ref. [3] proposes a virtual
collection technology based on computational
intelligence. However, the above researches mainly
focus on the virtual acquisition of photovoltaic data.
There are few studies focus on the virtual acquisition of
CS data. Ref. [4] uses five imputation methods namely
Constant (zero), Mean, Median, Maximum Likelihood,
and Multiple Imputation methods to compensate for
missing values in EV charging data. Ref. [5] devises an
imputation approach that combines the spline
interpolation and EM algorithm. However, they have
failed to simultaneously take into account both temporal
and spatial correlations.

In this paper, a virtual acquisition method for CS data
considering similarity day and similarity station is
proposed. A method combining grey relational analysis
and cosine similarity is adopted to select similar days.
The Pearson correlation coefficient method is used to
select similar stations. Then, the training set s
constructed using the temperature, electricity price, and
power feature data of similar stations on similar days.
The LightGBM model is trained, and the charging station
data during the missing time periods is imputed.
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2. SELECTION OF SIMILAR DAYS AND SIMILAR
STATIONS

2.1 Similar day selection based on gray correlation
degree and cosine similarity

The power of CS is affected by multiple factors such
as temperature and electricity prices. However, the
partial historical data of CS power has certain similarity,
namely similar days. This paper adopts a method
combining grey relational degree and cosine similarity to
select similar days. The selection process is illustrated in
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Fig. 1 Selection process of similar days

First, the feature vector is constructed. Studies have
shown that the power of CS has a strong correlation with
temperature and electricity prices, and the charging
power is often higher at high temperatures and low
electricity prices. In this paper, temperature and
electricity prices are taken as the feature vectors for
similar day selection.

The historical data of the CS is selected as the
training set, and the feature vector is constructed using
the temperature and electricity price at each time point
of each historical day.
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where X; and X; represent the temperature feature

vector and the electricity price feature vector,
respectively. F,, and F, represent the temperature and

electricity price at time k, respectively.
The characteristic data of temperature and
electricity price are normalized respectively.
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where x . X X are an arbitrary value, the
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minimum value, and the maximum value in the original
data, respectively. x  is the normalized data.

The normalized feature vectors of the day to be

collected and the historical days are as follows:
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where x] and x§ represent the temperature feature
vector and the electricity price feature vector of the day
to be collected, respectively. x| and x© represent the
temperature feature vector and the electricity price
feature vector of historical day i, respectively.

The correlation coefficients of component n
between x] and x; , and between x; and x{ are calculated

respectively [6].
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where &£7(n) and £F (n) are the correlation coefficients of
temperature and electricity price, respectively. r is the
distinguishing  coefficient. A, =|xj()-x"(M)| ;
A =|xE (M)~ xE(n).

The correlation coefficients of each component are
synthesized by means of averaging.

R =25 (10)
RE= 2 25 (1)

where R and RF are the grey relational grades of the
temperature feature vector and the electricity price
feature vector, respectively. N is the total number of
correlation coefficients of each component.

The grey relational grade R, between the feature
vector of the day to be collected and that of the historical
dayi is denoted as:

R =aR’"+(1-a)Rf (12)
where a represent weight coefficients.

The temperature and electricity price feature vectors
of the day to be collected and the historical days are
converted into one-dimensional vectors.
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where x, and x; represent the one-dimensional feature
vectors of the day to be collected and the historical day
i, respectively.

The cosine similarity is defined as follows [7]:
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Cosine similarity is a method for measuring the
similarity between the variation trends of data
sequences, while grey relational grade judges the degree
of correlation based on the similarity between the values
of data sequences. Combine the two indicators into a
single comprehensive similarity indicator S, .

S; = BR +(1- ) Dy, (16)
where g represent weight coefficients.

2.2 Similar station selection based on Pearson
correlation coefficient

The charging load characteristics of stations with
close spatial locations exhibit similarity. Similar stations
can be identified by comparing the historical load data
among stations. The selection process is illustrated in
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Fig. 2 Selection process of similar stations

The correlation between two random variables X
and Y is described using the Pearson correlation
coefficient [8], and its definition is as follows:
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where X, and Y, represent the arithmetic means of X

and Y , respectively. The value of the correlation
coefficient ranges from -1 to 1.

For the CS to be collected, the charging load data of
each day within the historical D days is used to construct
the charging load matrix P,.
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where pJ represents the charging load of the CS to be

collected at timel on the day s . m represents the number
of time points per day.
For each candidate CS j, the charging load data of

each day within the historical D days is used to construct
the charging load matrix P, .
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where pJ represents the charging load of the candidate

CS at timel on the days.
The Pearson correlation coefficient matrix G,

between the charging loads of the CS to be collected and
the candidate CS i for each day is calculated using
Equation(17).

G, =[,(1).5,(2).++1,(D)] (20)
where r,(D) represents the Pearson correlation
coefficient between the charging loads of candidate CS j

and the CS to be collected on the day D .
The Pearson correlation coefficients p; of each

candidate CS are synthesized by means of averaging.

p=30@) (21)

3. VIRTUAL ACQUISITION OF CHARGING STATION
DATA BASED ON LIGHTGBM

3.1 Input and output data of LightGBM

Feature datasets are constructed using the
temperature, electricity prices, and charging loads of
similar stations on each similar day.

Xij =[Frij. Fejj Feij] (22)

where X;; represents the feature data of similar station j
on similar day i . Fj; , Fgj , Fpj; represent the
temperature feature data, electricity price feature data,
and charging load feature data of similar station j on
similar day i, respectively.
Frij :[f‘l:'L,ij1 f'l'z,ij""' an,]ij] (23)
Feji =[fEl,ijv sz,ij1"'1 feil (24)
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where fT”}j , fEr"“ , fprf‘ij represent the temperature,
electricity price, and charging load of similar station j at

timemon similar day i, respectively.

The model is trained by taking the feature data of all
similar stations on each similar day as the model input
and the charging load data of the CS to be collected on
each similar day as the model output.

3.2 Principle of the LightGBM model

In ensemble learning, the Boosting strategy adjusts
weights of misclassified samples through serial iteration,
effectively preventing overfitting and achieving higher
accuracy than other ensemble strategies. LightGBM,
with its excellent performance, has become a
representative algorithm of the Boosting strategy [9].

LightGBM effectively shortens data processing time
using Gradient-Based One-Side Sampling (GOSS) and
Exclusive Feature Bundling (EFB) [10].

3.3 Virtual acquisition procedure

The steps of virtual acquisition of CS data are shown
in Fig.3, which consists of four steps.

Step 1) A similarity index combining grey relational
grade and cosine similarity is used to select the similar
days of the day to be collected.

Step 2) Similar stations are selected using the
Pearson correlation coefficient based on the historical
charging load data of the CS to be collected and adjacent
Cs.

Step 3) A training set is constructed based on the
temperature, electricity price, and charging load feature
data of similar stations on each similar day.

Step 4) Train the LightGBM model and impute the
missing data of the charging station.

Select similar days based on grey
relational grade and cosine similarity
v
Select similar stations based on Pearson
correlation coefficient

Construct a training set using the feature

data of similar stations on similar days

Train the LightGBM model and impute
the missing data of the charging station

Fig. 3 Virtual acquisition procedure

4. RESULTS

To verify the effectiveness of the method proposed
in this paper, part of the charging station data,
temperature data, and electricity price data from a
certain province in China (January 1 to December 31,
2024) are selected as the original dataset. The data of the
last day is the test set, and the preceding data are used
as the training set.

To evaluate the accuracy of virtual acquisition
method of charging station data, the index MAPE is

defined as follow:
1 T
MAPE = ?Z

t=1

Y- Y,
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where y,and y; are the real and the acquired result of the

x100% (26)

charging load at timet, T is the total number of time
periods for virtual acquisition.

The period from 6:00 to 13:00 on the day to be
acquired is selected as the acquisition period, and we
compare the actual charging load with the acquired
charging load, which are shown in Fig.4. The MAPE value
of the virtual acquisition model is 4.41%.
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Fig. 4 Virtual acquisition results of charging load

The comparison result shows that the virtual
acquisition results of the charging load using the
proposed method are close to the actual charging load
curve, realizing the imputation of missing data.

5. CONCLUSIONS

A virtual acquisition method for charging station
data considering similarity day and similarity station is
proposed in this paper. The general idea is that the
spatio-temporal correlation of charging loads is
considered, similar days are selected via a method
combining grey relational analysis and cosine similarity,
and similar stations are selected using the Pearson
correlation coefficient method. The training set is
constructed based on the characteristic data of similar
stations on similar days. The LightGBM model is trained
using the training set, and virtual acquisition of missing
charging load data is conducted.



The analysis of calculation examples proves that the
proposed virtual acquisition method has a significant
effectiveness in acquisition accuracy. High-precision
imputation of missing charging load data can be
achieved.
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