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Abstract: With the rapid development of electric vehicles, the infrastructure for charging stations is also
expanding quickly, and the failure rate of charging piles is increasing. To address the effective operation and
maintenance of charging stations, a method based on the XGBoost algorithm for electric vehicle DC charging
stations is proposed. An operation and maintenance system is constructed based on state analysis, considering
the operation status of the charging station and users' charging habits. Factors such as driving and charging
habits, road traffic, and charging station equipment are taken into account. The training sample data is
established using historical data, online monitoring data, and external environmental data, and the charging
station status evaluation model is trained using the XGBoost algorithm. Based on the condition assessment
results, a risk assessment model is established in combination with fault parameters. Risk tracking of the
charging station is conducted using the lack of power supply (ENC), evaluating the risk level of each station,
and determining the operation and maintenance order. The optimal operation and maintenance model for DC
charging stations, aimed at achieving both economic and reliable goals, is constructed to determine the
operation and maintenance schedule for each station. The results of the case study demonstrate that the state
evaluation and operation and maintenance strategy can significantly improve the reliability of the system and
the overall benefits of operation and maintenance while meeting the required standards.

Keywords: DC charging station; XGBoost; traffic simulation; operation and maintenance

0. Introduction

Electric vehicles (EVs) have developed rapidly as a clean, zero-emission mode of transportation
that reduces environmental pollution. Reliable charging infrastructure is a necessary condition for
the large-scale adoption of electric vehicles. Compared to AC charging piles, DC charging piles have
higher failure rates due to more components, larger operating power, and long-term outdoor
exposure. Currently, preliminary operation and maintenance work have been carried out, but there
are still issues such as rough planning, excessive dependence on experience, and unclear targets.
Accurately evaluating the operation status and change trends of charging piles, taking preventive
measures, reducing fault occurrences, and improving the operation efficiency of charging piles are
crucial [1].

In terms of the operation and maintenance of electric vehicle DC charging stations, current
research mainly focuses on the online monitoring of charging facilities. Reference [2] studied and
designed a monitoring system for charging facilities through system requirements analysis and
functional service requirements. The monitoring system is divided into a system platform layer,
support service layer, public service layer, and application layer to facilitate the monitoring of power
distribution, charging, safety protection, and measurement of charging facilities. Reference [3]
established a charging station system model, equipment information model, and communication
model, forming the monitoring system's modeling scheme and monitoring the key characteristic
quantities of the facilities in the charging station. In Reference [4], an online monitoring system based

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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on a peripheral component interconnect (PCI) bus was designed to collect real-time voltage and
current data from the charging facility's co-coupling node, analyzing the equipment's operating
status and characteristics.

The above literature studies the operation and maintenance methods of charging stations from
the perspective of monitoring systems. However, how to integrate the monitoring results of charging
stations with the charging behavior of electric vehicles to formulate a reliable operation and
maintenance strategy has not yet been studied. Risk-based maintenance (RBM) is a quantitative
assessment of the consequences of equipment failure, used as the basis for formulating operation and
maintenance strategies [5]. At present, RBM has been widely applied in operation and maintenance.
For example, Reference [6] proposed a state model based on an improved semi-Markov chain and
solved the optimal maintenance strategy with the goal of minimizing early maintenance costs and
reliability loss. In Reference [7], a prediction model using Bayesian classifiers was established with
historical maintenance information and fault records. Maintenance reliability and economy were
taken as risk indicators, and the minimum comprehensive risk was used as the optimization goal,
effectively formulating the RBM strategy for a 27.5 kV vacuum circuit breaker. Reference [8] proposed
a risk assessment method for the automatic operation and maintenance of high-voltage transmission
lines based on segmented pre-whitening fuzzy prediction. This method realizes risk assessment and
operation and maintenance optimization through big data feature classification and fuzzy clustering
processing. For distribution equipment, the average real-time failure rate can be calculated using the
feeder partition method according to the health index of the equipment. A differentiated maintenance
strategy is then formulated based on the risk loss cost of each piece of equipment [9].

The evaluation of the operation status and the operation and maintenance of DC charging
stations (hereinafter referred to as charging stations) are important issues currently being addressed.
Based on historical data, online monitoring data, and external environmental data, a training sample
dataset is established, and the state evaluation model of charging stations is trained using the
XGBoost algorithm. Risk tracking is employed to determine the operation and maintenance priority
of each station, while road traffic and user driving models are developed to calculate relevant risk
indicators. Finally, an optimization model for the charging station operation and maintenance
strategy is established, focusing on operation and maintenance costs and system reliability gains.
Through simulation analysis, the effectiveness and necessity of optimizing the operation and
maintenance strategy are verified.

1. Operation and Maintenance System of Electric Vehicle Charging Station

In addition to evaluating their own operations, the state assessment of charging stations should
also account for their usage patterns, including user habits, the road network, external environment,
climate, and other dynamic factors. By integrating real-time traffic conditions, the operational status
of charging station equipment, and user travel behaviors—information gathered through crowd
sensing technologies—a comprehensive operation and maintenance system can be developed. This
system will consider both the equipment side and the user side, as illustrated in Figure 1.

The purpose of operation and maintenance work is to reduce the failure rate of power
equipment, enhance reliability, and minimize the impact on users. The operational risk of a charging
pile is determined by its inherent reliability parameters and the influence of its running state on users
within the system. By conducting state evaluations, optimizing the operation and maintenance
strategy can significantly improve the scientific and efficient operation of the charging pile, thereby
maximizing operational and maintenance benefits.

The charging station operates in four distinct states: normal, attention, abnormal, and severe.
The normal state indicates that the station's variables are within a stable and optimal range, ensuring
normal operation. The attention state signifies that the variables are close to the standard limit value,
allowing continued operation but requiring enhanced monitoring. The abnormal state means that the
variables slightly exceed the standard limit, necessitating continuous monitoring and appropriately
scheduled maintenance outages. The severe state indicates that the variables significantly exceed the
standard limit, necessitating immediate power outage maintenance.
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Figure 1. Maintenance system of EV charging station

2. XGBoost Principle

Boosting, as a classification model, is an ensemble learning technique. The fundamental idea
behind boosting is to create a high-accuracy model by combining and weighting multiple low-
accuracy models. This process enhances the overall performance and accuracy of the model, as
illustrated in Figure 2.

sample data
e N
Classifierl » Classifier2 » Classifier3 —®  w..—p (Classifiern
l l l !
Weight1 Weight2 Weight3 Weightn
\ M
integrated
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Figure 2. principle of boosting.

XGBoost is an enhancement of the gradient boosting decision tree (GBDT) model. The main
concepts underlying XGBoost are as follows 161 :
(1) Base learner : regression tree
The most fundamental component of a boosted tree is known as a regression tree, or CART
(Classification and Regression Tree). CART assigns the input to each leaf node based on the input
attributes, with each leaf node corresponding to a real number score.
(2) Tree complexity
Each regression tree can be divided into a structural part and a leaf weight part. The t-th tree
model can be expressed as :
f,(X) =W, ,WweR",q:R! = {1,2,--.T} (1)

ax)?
In the formula, w is the score of leaf nodes, ((X) represents the leaf node index number

corresponding to the sample x.T is the number of leaves.
The complexity includes the number of nodes in a tree and the L2 -norm square of the output
fraction on each leaf node, which is defined as follows :

1
Q(f)=yT +5/1sz=le? 2)
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where yis the penalty coefficient of the number of leaf nodes, 1 is the regular term coefficient.
(3) Objective function

00 = 31,19, 1,04) + T 12 (X)1+ () ©

A1) A =1 A1)
where X is the i-th sample, g¢,=0 I(y,y )., h :ai I(ty,,y ), Iy,y ) is the
(t=1) (t=1)
y y e
defined loss function, Y; is the true value of the i-th sample., y  the model obtained by the

previous t-1 round of training.
Defines I as the set of samples above a leaf with index j. I, ={i|q(x)=j} , further the

modified objective function is as follows:
. 1
Obj¥ =31 [G,w, +§(Hj + AW 1+ T (4)

Where, G; :Ziaj 0 ,ZH,- :Zieljhi .

(4) Scoring function
Suppose that the structure of the tree q(X) is known, the optimal w and the corresponding

objective function value can be determined using formula (4):

* G

w, =—— 5
T ©)
| G?

obj=—=S"T — 4T 6
J 2 j=1 Hi +/1 e ( )
(5) Gain

When creating a tree model, a greedy algorithm can be used to add a segmentation to the existing
leaves each time. For a specific segmentation scheme, the gain obtained is:
2 2 2, @2
Gainoi—St 4 Gx _ GitGr) @)
2’H +4 Hg+4 H_+Hz+4

In the formula, the first term represents the fraction of the left subtree, the second term represents
the fraction of the right subtree, and the third term represents the undivided fraction. This third term
accounts for the complexity cost introduced by the addition of new leaf nodes.

According to this principle, XGBoost combines multiple classifiers to achieve better
generalization performance compared to a single classifier. Additionally, a regularization term is
added to the objective function, including the Lz regularization term for the number of leaf nodes and
the score of leaf nodes, to prevent the model from overfitting.

3. State Evaluation Model of Charging Station

In this paper, the state evaluation model of the charging station is treated as a multi-classification
model. The state variables listed in Section 1.1 are used as features, and the four operating states are
used as classification results. The training model's data comprises historical fault data, maintenance
data, monitoring data, and external environment data of the integrated isolation circuit breaker. This
study collects and organizes 320 data points, using 280 for training and 40 for testing.

3.1. Model Building Steps

(1) Definition of loss function
The state evaluation model of the charging station is a multi-classification model, so the loss
function is defined as a cross-entropy function. For a sample, the loss function is expressed as:

(Y f00) ==X 0, log P (%) ®)
where Y, is the probability that the sample belongs to the category k, p, (X) is the probability
fi (X)
e k

that the model predicts that the sample belongs to the category k, p,(X)= W .
k=1
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For all samples, the first derivative g and the second derivative h of the loss function are
calculated as follows:

Oik = Yik = Pyiat )
=P 0=
h Piki( p,,k.—1) . J (10)
Pk Pkt # )

(2) Initialize the prior probability
Since the running state of the charging station is divided into four categories, determine the
probability that each sample belongs to each class.

1
Py(X) =7 =0.25

(3)Fit the first tree for the first category:

(a) Using a greedy algorithm, the tree model is established by segmenting the existing leaf nodes.
According to Eq. (7), Eq. (9), and Eq. (10), the gain value of each segmentation is calculated, and the
segmentation scheme with the largest gain is selected to complete the establishment of each tree.

(b) For each tree established in step (a), the corresponding structure score is calculated according
to formula (6). The tree model with the smallest structure score is then selected as the first tree in the
first category.

(c) According to Equation (5), the leaf score of the tree is calculated in step (b), resulting in a
complete regression tree model. The probability that the model prediction sample belongs to category
1 is then updated.

(d) Fitting the first tree to the second category follows the same process as outlined in step (3),
further completing the establishment of the first tree for all four categories.

(e) Repeat steps (c) through (d) until the set threshold is reached. This completes the
establishment of M trees for all categories, forming the state evaluation model of the integrated
isolation circuit breaker. By using historical data and calling the ECDF function in the MATLAB
statistical toolbox, the empirical probability distribution of the 50 prediction boxes is estimated.

3.2 Cross validation and model parameters

In this paper, the K-fold cross-validation method is used to divide the training data into K equal
parts. Of these, K-1 parts are used for training, and 1 part is used for validation. The average
classification error rate is used as the performance index to evaluate the model's classification effect.
The model parameters are adjusted, and the optimal parameter selection is determined based on the
cross-validation results. The main parameter selections are shown in Table 1.

Table 1. parameters of model.

Parameter Parameter value Meaning of parameters
Learning-rate 0.08 Shrinkage step size, that is,

learning rate

max_depth 5 The maximum depth of
the tree is 5

n_estimators 650 The number of trees per

category is 650.
eval_metric merror Multi-classification error
rate
min_child_weight 0.8 The minimum leaf node

sample weight and

Except for the parameters listed in Table 2, all other parameters are set to their default values.
Using the above parameter settings, the optimal charging station state evaluation model is obtained.

3.3 Appraisal Process

XGBoost uses the tree model as the base model to visualize the model, and the evaluation
process of the operating state of the charging station can be seen. Due to the large number of trees,
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the first two trees of the first category are taken as examples. The tree structure is shown in Figure 3
and Figure 4.

From Figure 3 and 4, it can be seen that the state quantity of each tree participates in the division
with its specific division value, and the leaf nodes correspond to different scores. For a set of
operating data from the charging station, the leaf nodes to which this data ultimately belongs in each
tree can be determined based on the state quantity division conditions. In each category, the scores
corresponding to the leaf nodes of this data set in each tree are accumulated. Assuming that in Figure
3 and 4, the data of this group correspond to the leaf nodes in the lower left corner, the score is
0.003412526. The score of this group of data in each category can be expressed as[S1,52,53,54]. The
probability of converting the scores to the group of data corresponding to each category using the
softmax function is [P1,P2,PsPs]. The category with the highest probability is the result of this
evaluation, indicating the corresponding operating state of the charging station.

deletion \ Nay

Leaf score=0.00448

Nay

Yes

fo0 <0.86

Yes .
deletion

Leaf score=0.00411429 ‘

deletion \ Nay

Yes

‘ Leaf score=0.00386207 ‘

deletion Nay

‘ Leaf score=0.00386207 ‘

Leaf score=0.00407232 ‘ ‘ Leaf score=0.00369231 ‘

Figure 3. Scenario matching between generation and load.


https://doi.org/10.20944/preprints202408.1510.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 August 2024 d0i:10.20944/preprints202408.1510.v1

f60 <0.86

deletion

‘ Leaf score=0.00659794 ‘ ‘ Leaf score=0.00847059 ‘

Figure 4. The second tree of the first class.

4. Charging Station Optimization Operation and Maintenance

Conventional operation and maintenance of charging stations typically involves planning the
work either in order of proximity or based on the years since the charging station's investment.
However, based on the state assessment of the charging station, operation and maintenance should
be carried out according to the risk associated with the station's condition. Using the risk assessment
method proposed in this paper, the operation and maintenance priorities for each station are
determined based on the state assessment results.

The operation and maintenance time is divided into equal-period operation and maintenance
and optimized-period operation and maintenance. Equal-period operation and maintenance treats
all charging stations equally, distributing the workload evenly throughout the operation and
maintenance cycle. Optimized-period operation and maintenance, as proposed in this paper,
considers both the operation and maintenance costs and the reliability gain. It allocates the workload
for each station with the goal of minimizing the total operation and maintenance cost.

4.1. Objective Function

The objective function of the optimal operation and maintenance strategy for electric vehicle
charging stations considers both the operation and maintenance costs and the reliability gain 2:

min F(X) = f (X)+ f,(X) (11)

where F (X) is the total objective function, xm in X is the number of m operation and
maintenance periods of the m-th operation and maintenance charging station. Taking the operation
and maintenance work of an electric vehicle charging station in a city as an example, the weekly
working hours are 5 days, and the single-day working hours are 8 : 00 to 12 : 00 in the morning and
14: 00 to 18 : 00 in the afternoon. Therefore, this paper considers that the operation and maintenance
cycle is one week, with each operation and maintenance period lasting two hours. This period
includes travel time, operation and maintenance time, information registration time, and rest time.

1) fe (X) Indicates the economic objective function, including the cost of resources consumed
during operation and maintenance:
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0= e, (12)

m=1 t=1

where Ts is the total number of time periods of operation and maintenance cycle, M is the total
number of charging stations, cwm. is the operation and maintenance cost of the m-th charging station
in the t-th period.

2)fr (X) represents the expected cost of system risk. Since the purpose of operation and
maintenance is to reduce the current failure rate of the equipment to improve system reliability, the
system risk is calculated according to Equation (5) after each period of operation and maintenance.
The time loss is then converted into economic loss.

0= g LM (13)

t=1 n=l1

where N is the number of scenes, LOT:(n) is the user 's loss time in the n-th scenario after the
operation and maintenance t period, g is the conversion coefficient of user loss time cost per unit
timeError! Reference source not found.,

According to the characteristics of the operation and maintenance work of the electric vehicle
charging station, the following relevant constraints are set.

1) Each station operates and maintains at least one period of time, considering the operation and
maintenance time constraints of a single charging station.

X, 21 (meCS) (14)
2)Operation and maintenance timing constraints:
Yot = Y + X%, (MM +1€CS) (15)

3) All charging stations in the system are non-simultaneous operation and maintenance,
considering the total time constraint of operation and maintenance.

D X =T, (16)
meCS
4) Operation and maintenance resource constraints:
2. Fox < Yo (M€ CS) (17)
x=1

where y» denotes the start time of operation and maintenance of the m-th charging station, 7mx
is the operation and maintenance resources required by the m-th charging station in the x time period,
Yn,max is the maximum operation and maintenance resources that the m-th charging station can invest.

4.2. Optimistic Algorithm

The operation and maintenance strategy optimization studied in this paper is a nonlinear integer
programming problem, making it difficult to obtain results using analytical methods. Therefore, the
immune clonal selection algorithm (ICSA) is used to solve the problem?2. Compared to the traditional
immune algorithm, ICSA introduces the clonal expansion operator and the clonal mutation operator,
which help expand the high-quality population and eliminate the inferior population during the
iterative process. This effectively improves the convergence speed of the algorithm. In ICSA, the
antibody, antigen, and affinity represent the solution set, the fitness of the objective function, and the
matching degree between the solution set and the objective function in the optimization problem,
respectively.

The operation and maintenance strategy for charging stations proposed in this paper is mainly
divided into three parts: risk assessment, risk tracking, and optimization of operation and
maintenance. Firstly, the system risk value is calculated based on the charging piles and the road
network. Secondly, risk tracking is used to determine the operation and maintenance priority of each
station. Finally, the ICSA algorithm is employed to determine the number of operation and
maintenance periods for each station, aiming to minimize the economic cost and risk expectation cost.
The optimization process for the operation and maintenance strategy is illustrated in Figure 5.
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Figure 5. Operation and maintenance strategy optimization process.
5. Example Analysis

5.1. Traffic Network and Parameter Setting

The traffic network in a specific area is analyzed as an example to illustrate the research content.
The distribution of the road network and charging station sites is shown in Figure 6. Currently, some
of the 10 important traffic nodes marked in the figure have been put into operation. For this study,
all nodes are set as the same type of DC charging stations, each equipped with 10 charging piles, with
a charging power of 30 kW. The stations are numbered according to their distance from farthest to
nearest. Using failure rate, repair rate statistics, operation years, and equipment data from charging
piles recently put into use, combined with a simulation model, the failure rate parameters of each
charging pile are obtained. Additionally, traffic parameter attributes in the road network are valued
based on the road grade.

Electric vehicles are mainly small vehicles that use DC fast charging. While private cars are
numerous and primarily use fixed-site AC charging, official cars, taxis, and the currently popular
personal operating vehicles primarily rely on DC charging due to their work requirements.
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Figure 6. Road network and distribution of charging station sites.

Therefore, the ratio of private cars to urban commuter cars is set to 1:5. To meet the dynamic and
random nature of charging load distribution, this study considers 120 vehicles with charging
demands driving on the road network during the peak charging period from 12:00 to 14:00Eror! Reference
sourcenotfound. Puring this period, 60 vehicles are either in a waiting state or charging state at the stations,
and the system reliability is evaluated. The distribution of vehicle starting positions, demand
generation times, and initial SOC are referencedError! Reference source not found. from prior
studies. The battery capacity of each vehicle is set to 25 kWh. During the simulation period, the
simulation step size is set to 0.5 minutes, with the simulation time spanning from the moment the
first vehicle generates a charging demand to the time the last vehicle completes charging.

5.2. Risk Calculation and Operation and Maintenance Strategy

Combining the failure probability of each charging pile in the system, stratified sampling is
performed 3000 times to obtain the corresponding scenarios. The initial vehicle information is the
same for all scenarios. For each scenario, road traffic simulations of the Q* state and the current
sampling state are conducted to determine the time each electric vehicle takes to complete charging
and the power provided by each station. The system risk value and the ENC (Expected Number of
Customers) of each station are then calculated. Using Equation (8), the risk is allocated to each
charging station, and the operation and maintenance order is sorted according to the risk level of
each station, as shown in Table 2.

Firstly, based on the current actual operation and maintenance work, this paper optimizes the
operation and maintenance periods. Secondly, the operation and maintenance methods are
calculated and analyzed according to the risk order using both equal time periods and optimized
time periods. The operation and maintenance information for equal time periods and optimized time
periods of the conventional sequential operation and maintenance is shown in Figure 7.

Table 2. Classification of charging station risk level.

Charging station number value-at-risk Operation and
maintenance order
2 12.325 1
7 11.478 2
6 8.128 3
9 7.693 4
3 7.356 5
4 7.238 6

rints202408.1510.v1
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Figure 7. Regular sequential operation and maintenance scheduling for charging station.

It can be seen from Figure 7 that after optimizing the operation and maintenance time, Station 3
with the highest risk level increases the operation and maintenance time, while Station 2 and Station
8 with lower risk level reduce the operation and maintenance time. Additionally, to optimize the
operation and maintenance costs, the operation and maintenance time for the remaining stations has
been adjusted appropriately. However, due to limitations in resources and time constraints, the
operation and maintenance time is only adjusted for one period. The total cost of operation and
maintenance for equal time periods and optimized time periods of conventional sequential operation
and maintenance is shown in Table 3.

Table 3. Costs under different maintenance strategies.

Operation and

Decision-making maintenance cost / Syste‘m risk Total cost / yuan
model expectation / yuan
yuan
Equal time

operation and 1098.8 1289.4 2397.2
maintenance

Optimize time

operation and 996.2 1023.6 2097.8
maintenance

Compared with the equal period, the operation and maintenance cost and system expected risk
of the optimized period decreased by 6.63% and 18.56%, respectively, achieving better operation and
maintenance benefits. The operation and maintenance information for the equal time period and the
optimized time period, according to the risk order, is shown in Figure 8.
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Operation and maintenance mode : conventional sequential operation
and maintenance

I Equal time period|
|

Number
optimization time
horizon

Operation and maintenance period
Figure 8. Original and optimized maintenance scheduling for charging station.

As shown in Figure 8, the operation and maintenance plan based on risk order adjusts the
operation and maintenance time of certain charging stations in the optimized period to reduce the
total cost, compared to the equal period. The total cost of equal-period and optimized-period
operation and maintenance according to the risk order is shown in Table 4. Compared to the two
operation and maintenance orders, the expected cost of system risk is reduced by 31.23% and 32.48%
respectively in equal period operation and optimized period operation and maintenance according
to the risk order. It can be inferred that ordering operation and maintenance by risk level can
significantly improve the overall reliability of the system and reduce user losses. Compared with the
current conventional sequential equal-period operation and maintenance, the risk-based
optimization of time-period operation and maintenance reduces the total cost by 24.11% while
maintaining the operation and maintenance cost, which effectively improves the overall operation
and maintenance efficiency.

Table 4. Costs under different maintenance strategies.

Operation and

Decision-making maintenance cost / Syste.m risk Total cost / yuan
model expectation / yuan
yuan
Equal time

operation and 1089.6 798.6 1987.2
maintenance

Optimize time

operation and 997.6 703.7 1589.6
maintenance

6. Conclusion

To address the shortcomings of the current operation and maintenance work of electric vehicle
charging stations, this study proposes an operation and maintenance system for electric vehicle
charging stations using the XGBoost integrated algorithm to evaluate the operational status of
charging stations. A scientific and efficient risk-based operation and maintenance strategy is
proposed.

1) The state evaluation model of charging stations is established using XGBoost. Considering
factors such as driving and charging habits, road traffic, and charging station equipment, the training
sample data is constructed using historical data, online monitoring data, and external environment
data. The state evaluation model of charging stations is then trained based on the XGBoost algorithm.

2) Considering the operation and maintenance cost and reliability gain, an operation and
maintenance strategy optimization model for electric vehicle DC charging stations is established
based on the XGBoost state evaluation. According to the risk level, the operation and maintenance
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sequence of each charging station is determined, and the operation and maintenance time for each
station within the maintenance cycle is calculated.

The operation and maintenance strategy formulated by the state evaluation and optimization
model of the charging station, based on the XGBoost algorithm, overcomes the blindness and
inefficiency of existing operation and maintenance methods. It significantly improves the overall
efficiency of the system's operation and maintenance and ensures the operational reliability of the
charging facilities.

Funding: This research was funded by State Grid Corporation of China Headquarters Management of Science
and Technology Project(5400-202128154A-0-0-00),and China Scholarship Council.
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