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Abstract—In this work, a consistency detection method 
is proposed, to overcome the inconsistencies in the use of 
large-scale lead-carbon energy storage batteries (LCESBs) 
and the difficulties of large-scale detection for LCESBs. 
Based on the chemical materials and physical mechanisms 
of LCESBs, the internal and external factors that affect 
the consistency and their characterization parameters are 
analyzed. The inconsistent characterization parameters, 
such as voltage, temperature, and resistance, are used to 
construct a high-dimensional random matrix and calcu-
late the matrix eigenvalue. Single loop theorem and av-
erage spectral radius are then employed to carry out pre-
liminary consistency detection. Next, short-term dis-
charge experiments are conducted on individual batteries 
with inconsistent initial screening. The voltage and tem-
perature data is collected, and sequential overlapping 
derivative (SOD) transformation is performed to extract 
the characteristics of voltage and temperature changes. 
The consistency of individual cells using the Wasserstein 
distance is quantitatively characterized. Finally, the reli-
ability of the consistency detection method is evaluated by 
the confusion matrix. The large amounts of actual meas-
urement data shows a false negative rate of the algorithm 
of 0 and an accuracy of 99.94%. This study shows that 
using random matrix theory for preliminary detection is 
suitable for processing high-dimensional data of 
large-scale energy storage power plants. Using SOD for 
precise detection can amplify the voltage, temperature, 
and resistance differences of inconsistent batteries, mak-
ing the consistency detection more accurate. 

Index Terms—Lead-carbon batteries, consistency de-

tection, random matrix theory, confusion matrix. 
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Ⅰ.   INTRODUCTION 

o reduce carbon emissions, the proportion of re-

newable energy used in the electric power grid 
system is gradually increasing. However, renewable 
energy sources have characteristics, such as low inertia 

and high uncertainty, and a large-scale integration can 
impact the stable operation of the power system. Energy 

storage technologies can provide a buffer to the fluctu-
ations in the grid and support the consumption of re-

newable energy [1][3]. Lead-carbon energy storage 

batteries (LCESBs) possess outstanding characteristics 
of high efficiency, high capacity, low cost, safety, and 
stable large-scale configuration, thereby being widely 

used in new energy power stations. However, a single 
cell with poor consistency in a battery pack can reduce 
the input and output capacity, diminish the 

charge/discharge efficiency, and reduce the service life 
of the battery pack. The operational performance of the 

battery cluster and its service life can be improved by 
the timely detection of inconsistencies in individual 
cells and their replacement or reconstruction [4], [5]. 

A battery cluster is formed by connecting individual 
battery in series, and the performance parameters 
characterizing the single-cell include voltage, internal 

resistance, temperature, capacity, state of charge (SOC), 
and state of health (SOH) [6]. Reference [7] combines 

static and dynamic screening methods to screen retired 
power battery modules. Static screening can be em-
ployed to test the internal resistance and the remaining 

capacity of a battery module as gauge parameters for 
screening. The dynamic screening through SOH dy-
namic consistency curves can also be used for 

re-screening to evaluate the screening accuracy. The 
verification results indicate that the method can improve 
the screening accuracy of battery modules by at least 

6.2%, laying a theoretical foundation for large-scale 
screening and cascading utilization of retired power 

batteries. This method requires a large number of SOH 
aging curves. Reference [8] evaluates the consistency 
sorting before grouping liquid metal batteries by the 

static and dynamic combination method. In this case, 
the fuzzy C-means (FCM) method is employed for 
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static sorting and subtractive clustering for the dynamic 

re-sorting of discharge curves. The proposed sorting 
method effectively improves the consistency, weakens 

the “short board effect” and improves the capacity and 
dynamic service performance of the battery packs. The 
FCM clustering method has advantages in the applica-

tion of consistency detection in batteries, such as more 
flexible clustering results, strong robustness to noise 
and outliers, and the ability to flexibly handle nonlinear 

data. However, FCM is sensitive to the initial values, 
has high computational complexity, and imposes high 

requirements for data distribution. Reference [9] uses 
electrochemical impedance spectroscopy to study the 
soft clustering of retired lithium-ion batteries. This 

method improves the accuracy of clustering results and 
the flexibility of battery recombination, giving the re-
combined batteries good consistency. However, elec-

trochemical impedance spectroscopy testing is required 
before clustering, and the testing program is complex, 

making it unsuitable for practical applications. Refer-
ence [10] considers the problem of selecting retired 
batteries as an unsupervised clustering problem. They 

combines fast pulse testing with an improved split 
K-means algorithm to shorten the feature generation 
time from hours to minutes and improve the consistency 

detection accuracy. However, using K-means for con-
sistency detection requires specifying the number of 
clusters in advance, and has weak resistance to noise 

and outliers. Reference [11] proposes a multi parameter 
evaluation method for battery consistency detection 

based on principal component analysis (PCA), which 
provided theoretical and practical basis for the con-
sistency estimation of electric vehicle batteries. The 

PCA method has advantages, such as good dimension-
ality reduction effect, strong feature extraction ability, 
simple and fast algorithm in the application of con-

sistency detection in energy storage batteries. However, 
it also has shortcomings, such as its dependence on 

linear relationships, information loss, and easily af-
fected by outliers. 

Current battery consistency testing methods mainly 

focus on the cascade utilization of lithium-ion batteries 
and group screening of liquid metal batteries. For 
LCESBs, existing methods cannot be used due to the 

differences in the composition of the materials, chemi-
cal reactions, and working environments. Therefore, 

developing novel methods to test the consistency of 
LCESBs is important. Inconsistent LCESBs can result 
from internal and external factors. The internal factors 

mainly include the influence of the material composi-
tion, production process, and chemical reaction on the 
electric resistance. The external factors mainly include 

the impact of the working environment and applied 
current on the battery temperature. In addition to re-
sistance and temperature, voltage plays an important 

role in battery consistency.  

In this study, the voltage, resistance, and temperature 

are extracted to construct a high-dimensional random 

matrix and calculate the linear eigenvalue. The single 

loop theorem and average spectral radius are employed 

to carry out the initial consistency testing of the 

LCESBs. Then, short-term discharge experiments on 

batteries are conducted to initially detect inconsistencies. 

The voltage and temperature data are collected, and the 

sequential overlapping derivative (SOD) transformation, 

combined with the Wasserstein distance, is utilized to 

accurately detect the battery consistency. The reliability 

of the algorithm is verified by the confusion matrix. The 

0.5 MW/2 MWh LCESBs system, configured in the 

photovoltaic, energy storage, and charging pile inte-

grated construction project of Kunming Hendera Sci-

ence and Technology Co., Ltd., is used. A consistency 

algorithm is validated with an accuracy rate of 99.94% 

and a false negative rate of 0. Compared with the ac-

curacy and false negative rate of the PCA, K-means, and 

FCM, this algorithm helps to avoid missed detections, 

reduce false detections, and improve the accuracy and 

reliability of consistency detection. Therefore, the uti-

lization of high-dimensional random matrix preliminary 

detection combined with cross overlapping differential 

multi parameter accurate detection can improve the 

consistency detection accuracy of energy storage bat-

teries, rendering it suitable for large-scale energy stor-

age systems. 

The remainder of this paper is organized as follows. 
Section Ⅱ analyzes the representation parameters of 

battery inconsistencies. Section Ⅲ introduces random 
matrix theory and its mechanism for the preliminary 
screening of battery inconsistencies. Section Ⅳ dis-

cusses SOD and its mechanism for the precise screening 
of battery inconsistencies. Section Ⅴ presents a relia-
bility evaluation model for the consistency detection 

algorithm. Section Ⅵ validates the accuracy of the 
method using actual data. Section Ⅶ presents the main 
conclusions of this paper. 

Ⅱ.   ANALYSIS OF CONSISTENCY CHARACTERIZATION 

PARAMETERS OF LEAD-CARBON BATTERIES 

A schematic of the functioning of the LCESB is 
shown in Fig.1 [12]. Carbon materials with high con-
ductivity and dispersibility in lead-based materials have 

the potential to improve the output power of batteries. 
The carbon material on the negative and positive elec-
trodes forms an asymmetric capacitor with a dou-

ble-layer capacitance, reducing damage to the battery 
during high rate or pulse charge/discharge [13]. As a 

result, LCESBs are suitable for large-scale energy 
storage due to their safety, low cost, and facile regen-
eration [14]. 
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Fig. 1.  Schematic diagram of the functioning of LCESBs. 

Analyze the three parameters of voltage, resistance, 
and temperature, and describe their feasibility as char-

acterization parameters. 

A. Consistency Analysis of Battery Voltage 

The voltage of LCESBs is determined by the differ-

ence in electrode potentials of the positive and negative 
electrode separated by the electrolyte, independently of 

the shape and size of the batteries. In LCESBs, the open 
circuit voltage of a single-cell battery is generally about 
2.0 V. Meanwhile, the open circuit voltage value is very 

close to the electromotive force. However, the physical 
meaning of the latter is clearer, the battery electromo-
tive force can be approximated to the battery voltage. 

Depending on the actual usage needs, six individual 
cells can be connected in series to form a single LCESB, 

with a rated voltage of 12 V. 
The electromotive force of LCESBs can be quantita-

tively described by the Nernst equation [15]: 
0

2 4

2

(H SO )
ln

(H O)

aG RT
E

nF F a


                   (1) 

where 
0G  represents the difference between the bat-

tery reaction product and the standard free energy gen-
erated by the reactant; n is the number of electrons; F 
refers to the Faraday’s constant (F=9.65×10000 C/mol); 

R is the gas constant (R=8.314 J/(mol·K)); T denotes the 
thermodynamic temperature (K); a(H2SO4) presents the 
activity of H2SO4; and a(H2O) is the activity of H2O. 

The Nernst equation suggests that the battery elec-
tromotive force is closely related to the battery material, 

temperature, and electrolyte concentration. The change 
in battery voltage during the charge/discharge processes 
is also related to the current intensity, SOC state, and the 

amounts of impurities and additives in the electrode. 
Accordingly, the difference in the electrolyte concen-
tration and SOC state of the battery can result in incon-

sistent battery voltage. 

B. Consistency Analysis of Battery Temperature 

The temperature of LCESBs can be determined by 

the heat of the reversible reaction and joule heat gener-
ated by the ohmic resistance. During the electrochemi-

cal reaction, the flow of current through the battery 
results in an equilibrium. In this case, the heat of re-

versible reaction should only be related to the compo-

sition of reactants and their energy states. Under a flow 

of current, the reversible reaction heat, Q , can be ex-

pressed by: 

( )
U

Q I V U T
T


  


                       (2) 

where I represents the current flowing through the bat-

tery; V is the current voltage of the battery; and U refers 

to the open circuit voltage of the battery. 

The Joule heat, Q, generated by the ohmic resistance 
of a battery under a flow of current can be calculated by: 

2

0Q I R t                                  (3) 

where R0 represents the battery ohmic resistance; and t 

is the time duration. 

Equations (2) and (3) reveal the temperature changes 

of the battery, arising due to heat release and absorption 
by the battery. Based on the thermal process of a re-
versible reaction, the temperature of the battery would 

drop as the LCESBs discharges under small currents 
with an energy quantity below 0.05C, where C repre-
sents the charging or discharging rate. 

The temperature of batteries can also be influenced 

by other factors, such as the magnitude of the current 

and the duration of charging and discharging. In energy 

storage battery clusters, the temperature inconsistency 

between individual battery can influence the accuracy 

of SOC estimation of the entire cluster. Additionally, 

this can weaken the discharge power of the entire bat-

tery cluster and increase the energy loss, thereby af-

fecting the operational performance of the grid power 

system. 

C. Consistency Analysis of Battery Resistance 

The resistance of LCESBs involves ohmic and po-

larization internal resistances. In turn, the ohmic inter-
nal resistance consists of contact and diaphragm re-
sistances. Contact resistance involves metal or alloy 

resistance and compound resistance, among other 
components. The diaphragm resistance is related to 
several parameters, including the material and thickness 

of the diaphragm, electrolyte concentration, and battery 
height. Among these, the diaphragm resistance is usu-

ally the main factor leading to battery inconsistency.  
The resistance of a single battery can be influenced 

by multiple factors, such as the material, manufacturing 

process, and operating environment. In series battery 
clusters, the inconsistency in resistance for single bat-
teries, with the same current, can manifest as a differ-

ence in heat generation and voltage change rates of the 
battery. Inconsistent internal resistance in parallel bat-
tery clusters can result in inconsistent charge/discharge 

levels, depths, and times of individual battery, further 
affecting the charge/discharge processes of battery 

clusters. 
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Ⅲ.   PRELIMINARY SCREENING OF INCONSISTENT 

BATTERIES BY HIGH-DIMENSIONAL RANDOM  
MATRIX THEORY 

After determining the characterization parameters, 
high-dimensional random matrix theory is used for 
preliminary detection of LCESBs. First, parameters like 

battery voltage, temperature, and resistance of the bat-
tery cluster are extracted. The random matrix can then 
be constructed through the sliding time window. Then, 

the eigenvalues of each matrix are calculated, and fi-
nally the battery voltage consistency is detected by the 

single loop theorem and average spectral radius. During 
the preliminary testing, if one of the three characteriza-
tion parameters is identified through the random matrix 

as an inconsistent battery, the single battery is consid-
ered an inconsistent battery. 

A. High-dimensional Random Matrix Theory 

In the late 1950s, Wigner elaborated on the study of a 
large number of particle energy levels in quantum me-

chanics based on the empirical distribution of the random 
matrix theory (RMT). Subsequently, mathematicians 
improved the study of RMT using the knowledge of limit 

spectrum analysis. Since then, RMT has formed an active 
branch in modern probability theory. RMT is based on 
matrices and can handle independently identically dis-

tributed data. In addition, RMT does not require the dis-
tribution or characteristics of the source data, but only 
requires the data to be sufficiently large (not infinite). 

Therefore, this tool is suitable for analyzing massive data 
systems with a certain degree of randomness [16], [17]. 

The data dimension for consistency detection of energy 
storage batteries is generally several hundred dimensions, 
so using high-dimensional random matrices for con-

sistency detection of energy storage batteries is more 
advantageous. 

The RMT suggests that when there is only white noise, 

small perturbations, and measurement errors in the sys-
tem, the data will exhibit a statistical randomness char-

acteristic. When there is a signal source in the system, its 
operating and internal mechanisms can change under its 
influence, disrupting its statistical randomness. 

Using a random matrix machine for consistency de-
tection of LCESBs requires the construction of a random 
matrix based on the characterization quantity of the con-

sistency parameter and the average value of the charac-
terization quantity of the cluster of batteries. This can be 

expressed by: 

1 1

ave, ave, 1 ave, 1

t t t N

t t t N

x x x

x x x

  

  

 
  
 

X            (4) 

where xt is the time series of the consistency parameter 

representation quantity; xave,t is the time series of the 
average value of the battery pack representation quantity; 
and the X-matrix row-column ratio is equal to 2/N, 

making it difficult to meet the requirements of hundreds 

or thousands of dimensional data of random matrices. 

Thus, most studies in literature used translation and block 
forms to obtain a better row-column ratio. However, this 

can only suit processing long-term windows and massive 
data. Additionally, translation and chunking cannot deal 
with problems of short time windows and small data 

volumes in battery consistency detection. Alternatively, 
the sliding window method has been introduced to con-
struct random matrices.  

In this work, a sliding window is used to generate a 
matrix meeting the requirements of random matrix row 

and column ratio. The sliding window, ,W  can be de-

fined by: 

 ( , , ) ( ),1 , 1,2, ,W m l i t m t l m m M     ≤ ≤  

(5) 
where m is the number of times the window slides; l 

represents the length of the sliding window; and δ is the 

sliding factor taken as 1 to express sliding back one point 

each time.  

The final construction matrix can be written as fol-
lows: 

2 1

1 1

ave, ave, 1 ave, 1

2 2 2

ave, 2 1 ave, 2 ave, 2 2

t M

t t t N

t t t N

t M t M N

t M t M t M N

x x x

x x x

x x x

x x x

 

  

  

   

     

 
 
 
 
 
 
 
 

X         (6) 

where 
2 1t Mx  

 is the characterization quantity of the 

consistency parameter at time 2 1t M  ;
ave, 2 1t M

x
 

 is 

the average value of the characterization quantity of the 

cluster of batteries at time 2 1t M  . 

B. Single Ring Theorem 

The single loop theorem is a significant breakthrough 
in the RMT system, which can be used to study the 
linear eigenvalue statistics (LES) of random matrices. 
From a macro perspective, the distribution trend of 
system eigenvalues can be analyzed using the single 
loop theorem. Combining the inner and outer loop radii 
to analyze the statistical characteristics of eigenvalues 
distribution can help qualitatively evaluate the system 
state. When applying the RMT to consistency detection, 
batteries with consistent characteristics exhibit ran-
domness in their data. In the single loop theorem, bat-
tery with consistent characteristics is manifested as the 
distribution of eigenvalues in the outer loop. If there are 
inconsistent batteries, their randomness generally 
breaks the single loop theorem, and the matrix eigen-
values will be distributed in the inner loop. 

For data matrix ,{ }i j M Nx X  with non-Hermitian 

features of M rows and N columns, the matrix expecta-

tion E(xi,j)0 should satisfy the matrix variance E(|xi,j|2)1. 

The non-Hermitian matrix 1,2,( ), ,i i LX corre-
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sponding to the product matrix of the singular-valued 

equivalence matrix 
,1

L

u ii
Z X , can normalize the Z 

matrix to yield the standard matrix product Z  shown as 
follows: 

( ) ,  1,2, ,i i iz z M z i M  
 

               (7) 

where ( )iz  is the standard deviation of X. When the 

row-column ratio / (0,1]c M N   and M, N approach 

infinity, the empirical spectral distribution of Z  eigen-

value i  converges to the given limit. In this case, the 

probability density function ( )
Z

f   can be given as fol-

lows: 

(2 / 1) / 22
,(1 ) 1

( )

0,  others

L L

Z

c
f cL

 





 



≤ ≤
        (8) 

where λ represents the eigenvalue; and L is the number of 
Hermitian matrices. 

For the single ring theorem, the standard non-Hermitian 
matrix X, with each element taken as an independent ho-
mogeneous Gaussian random variable, can be roughly 

distributed in a ring, with an outer diameter of r1=1 and 

inner diameter of r2=(1c)L/2, presented in the complex 

plane. 
Consistent battery factors, such as voltage, resistance, 

and temperature, with the average value of the battery 

would result in independent elements in the matrix. This 
would lead to a uniform distribution of all the matrix 
eigenvalues in the outer ring, as shown in Fig. 2(a). On 

the other hand, the inconsistent battery factors, such as 
voltage, resistance, and temperature deviating from their 
average values, can lead to a matrix that no longer obeys 

the independent and identically distributed principles. 
Additionally, all the matrix eigenvalues should be dis-

tributed in the inner ring, as shown in Fig. 2(b). 

 

 
Fig. 2.  Monocyclic theorem of the random matrix eigenvalues 

distributed in the outer ring. (a) Outer ring. (b) Inner ring. 

C. Linear Eigenroot Statistic  

The LES can be used to reflect the distribution of the 
eigenvalues of a random matrix, with a commonly used 

type of random matrix theory consisting of mean spectral 
radius (MSR). Here, combined with the single-ring the-
orem, the spectral radius is employed to reflect the dis-

tribution of the eigenvalues. The spectral radius for a 

matrix product Z  can be defined as follows: 

MSR ,
1

1 N

Z i
i

r
N




                                 (9) 

where 
,Z i

  represents the ith eigenvalue of the matrix 

product. For the random matrix, a single eigenvalue can 
not reflect the statistical characteristics of the matrix 
elements. The LES may describe the trace of the random 

matrix, while the trace can reflect the statistical charac-
teristics of the matrix. Consequently, the average spectral 
radius can be used as a criterion index. 

Ⅳ.   ACCURATE DETECTION OF DISTANCE 

CONSISTENCY BASED ON SOD COMBINED WITH 

WASSERSTEIN 

After the preliminary consistency testing, to accu-
rately detect the voltage consistency of battery clusters, 

the test data is first be subjected to the SOD transfor-
mation to extract the voltage variation features. The 
Wasserstein distance is then used to calculate the dis-

tance between the voltage feature distribution of the ith 
battery and the average voltage feature distribution of 

the battery cluster. The consistency of the ith battery 
may be judged based on the Wasserstein distance. The 
precise detection of temperature consistency should be 

consistent with the precise detection method of voltage 
consistency. 

A. SOD Transform 

SOD, a high-order differential operation, is essen-

tially a high-order differential. The higher the differen-

tial order, the more accurate are the results obtained, 
which can reflect the characteristics and mutation di-

rection of high-frequency transient signals [18], [19]. 

When SOD is applied for the precise detection of energy 

storage consistency, the differences in voltage, temper-

ature, and resistance of inconsistent batteries are am-

plified, thereby more accurately screening inconsistent 

batteries. This can be described by: 
1

1

1

( )( ) ( 1) ( 1)
k

j

k j k

j

S n c Q n j






               (10) 

where k represents the order of the difference; j repre-

sents the jth SOD transformation; ( )kS n  is the k-order 

differential of the signal; Q refers to the original signal; 
n is the number of instantaneous sampling points start-

ing at least from (k+1); and ( )j kc  denotes the SOD 

transformation coef ficient calculated by (11)(14). 
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1) The first and last coefficients of the SOD transfor-

mation are equal and are equal to 1, as shown by: 

1 1( ) ( ) 1k k kc c                            (11) 

2) The second coefficient of the SOD transformation 

is the order of the SOD transformation as depicted by: 

2( )kc k                               (12) 

3) Other coefficients of the SOD transformation can 
be calculated by: 

1 1( ) ( ) ( )j k j k j kc c c                      (13) 

Here, the sum of all SOD coefficients is 0, shown as: 
1( )( ) 01 j

j kc                          (14) 

In (10), n starts from (k+1), and every (k+1)th sample 
point is calculated. The number obtained by the first 
(k+1)th sample point operation is then used as the first 

number of a new set. Then, the previous operation is 
repeated by one sample point, and a new set of data are 
obtained after transformation, forming a k-order SOD 

transformation signal. 
After deduction, the 4th-order and 5th-order SOD 

transformations are respectively shown by: 

4 ( ) ( ) 4 ( 1) 6 ( 2)

4 ( 3) ( 4)

S n Q n Q n Q n

  Q n Q n

     

  
         (15) 

5 ( ) ( ) 5 ( 1) 10 ( 2)

10 ( 3) 5 ( 4) ( 5)

S n Q n Q n Q n

  Q n Q n Q n

     

    
    (16) 

where ( )Q n  refers to the original signal. 

For accurate detection of the consistency of LCESBs, 
it is necessary to determine the order η when extracting 

features, sU  and sT , from the measured voltage and 

temperature sampling data of LCESBs through the SOD 
transformation. 

B. Wasserstein Distance 

The Wasserstein distance can be used to evaluate the 
similarity and continuity of the two distributions. The 
latter can support sets of the two distributions with less 

or no overlapping, while still reflecting the similarity of 
the two distributions [20], [21]. The characteristic dis-
tribution of consistent batteries is often denoted by the 

P1 distribution, while the current characteristic distri-
bution of the batteries is referred to as the P2 distribution. 

The consistency of the current battery can be deter-
mined by extracting the difference between the P1 and 
P2 distributions through the Wasserstein distance. The 

Wasserstein distance application in the battery con-
sistency detection has several unique advantages. First, 
sets of two distributions, with less or no overlapping, 

can still reflect the distance between the two distribu-
tions, thereby determining the battery consistency state. 

Second, the distance with continuity should induce 
characteristics of SOD transformation with continuity. 
The Wasserstein distance can be expressed according to: 

1 2
1 2 ( , )

Π( , )
( , ) inf x y

P P
W P xP y





              (17) 

where 
1 2

( , )P P  represents the set of all possible joint 

distributions combining the P1 and P2 distributions; for 
each possible joint distribution γ, samples x and y can be 

obtained by sampling ( , )x y  , and the distance 

x y  between these samples can be calculated. 

Therefore, the expected distance of the samples under 
this joint distribution, γ, can be calculated. The Was-

serstein distance refers to the lower bound 

1 2
( , )

Π( , )
inf x y

P P
x y




    for the expected value in all 

possible joint distributions. 

Ⅴ.   EVALUATION OF CONSISTENCY DETECTION 

ALGORITHM RELIABILITY 

A confusion matrix is used to evaluate the reliability 

of accurate detection results. The confusion matrix, as a 
visual tool for the accurate performance of classification 
algorithms, can be employed for the accuracy evalua-

tion of battery consistency detection due to no con-
straint by the amount of data [22], [23]. The form of the 
confusion matrix, Q, is summarized in Fig. 3. 

 
Fig. 3.  Confusion matrix principle. 

Since matrix Q is a second-order square matrix, the 

consistent battery in this work is marked as 1, while the 
inconsistent battery is marked as 0. For the reference 
classification of 1 and prediction classification of 1, the 

true consistency value TC( )v  will be added by 1. For the 

reference classification of 1 and predicted classification 

of 0, the false consistency value FC( )v  will increase by 1. 

For reference classification of 0 and prediction classi-

fication of 1, the false inconsistency value FI( )v  will 

increase by 1. Finally, for the reference classification of 

0 and predicted classification of 0, the true incon-

sistency value TI( )v  will increase by 1. 

A false negative rate of the confusion matrix for in-
consistent batteries is detected as consistent battery, δ, 
which can be expressed by: 

FI

FI TC

100%
+

v

v v
                           (18) 

The results obtained from the detection algorithm 
with the actual battery are compared using accuracy μ, 
calculated by: 

TC TI

TC TI FC FI

+
100%

+ + +

v v

v v v v
               (19) 

False negative rates δ obtained through the confusion 
matrix, and accuracy μ, can be employed to quantify the 
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reliability of the proposed algorithm. For the battery 

consistency detection algorithm, a false negative rate 
indicates that the algorithm has missed detection and 

should not be used. 
The consistency detection flow chart is provided in 

Fig. 4. In this case, the random matrix is first used for 

the initial consistency detection. For batteries incon-
sistent in the initial detection, the SOD and Wasserstein 

distance are utilized for the second accurate detection. 
Finally, the reliability of the algorithm is evaluated. 

 
Fig. 4.  Consistency detection flowchart. 

Ⅵ.   VERIFICATION OF THE MEASURED DATA 

In this case study, the 0.5 MW/2 MWh LCESBs 
system configured in the photovoltaic, energy storage, 
and charging pile (integrated construction project of 
Kunming Hendera Science and Technology Co., Ltd.) is 
used. 1680 LCESBs are studied, and the battery pa-
rameters are 12 V and 100 Ah, with clusters containing 
40 batteries each, totaling 42 clusters. To verify the 
accuracy of the method proposed in this article, the 
inconsistent batteries are replaced with the original 
batteries for testing. The inconsistent battery numbers 
are (1, 28), (3, 22), (5, 38), (9, 39), (11, 18), (25, 17), (35, 
22), and (42, 39). 

Taking the first cluster of batteries as an example, 
preliminary consistency checks are conducted on the 
voltage, temperature, and resistance values. The first 

cluster of the LCESBs and BMS are shown in Fig. 5. 

 
Fig. 5.  Consistency testing platform for LCESBs. 

The batteries are equipped with detection modules for 
monitoring the battery voltage, temperature, and inter-

nal resistance. The monitoring modules transmitted 
signals to the BMS main control board and BMS con-
figuration through the Modbus protocol, and conse-
quently to the energy management system (EMS), 
through the transmission control protocol (TCP) pro-
tocol. The consistency detection algorithm proposed in 
this study is embedded in the BMS for monitoring in-
consistent batteries. 

A. Preliminary Consistency Detection Based on Ran-
dom Matrix 

The voltage, temperature, and resistance of the first 
cluster of LCESBs collected by the BMS are prelimi-
narily checked for consistency using a random matrix. 
1) Preliminary Detection Based on Voltage 

The voltage data of the LCESBs standing for 3 hour 
are collected and the results are shown in Fig. 6. 

 
Fig. 6.  Voltage data curve of LCESBs at a standstill. 

Under stationary conditions, the voltage of LCESBs 
ranged from 12.5 V to 12.8 V, with some batteries 
reaching a significantly higher voltage of 12.95 V. The 
average value of the cluster of batteries is then obtained 
by removing the maximum and minimum values. A 
random matrix XM×N based on (6) is constructed for the 
voltage of a single battery and the average voltage of the 
cluster of batteries. Next, the distribution of character-
istic values for each battery in the cluster is calculated, 
as summarized in Fig. 7. 
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Fig. 7.  Average spectral radius distribution of battery cluster voltage. 

Since the average spectral radius of only one battery 
in the cluster is distributed in the inner ring, the number 
of inconsistent batteries in the cluster determined by the 
voltage characterization quantity is 1. 
2) Preliminary Detection Based on Temperature 

The temperature data of the batteries standing for 3 
hours are collected and analyzed, as shown in Fig. 8. 

 
Fig. 8.  Temperature curves of LCESBs. 

The temperature of a battery remained within a certain 
range without significant deviation. However, different 
batteries exhibited different changing rates as a function of 
temperature. Thus, the eigenvalues of each battery in the 
cluster are calculated, and the average spectral radius is 
employed to reflect the distribution of the eigenvalues of 
each battery in the cluster as shown in Fig. 9. 

In Fig. 9, the average spectral radius of two batteries 
is distributed in the inner ring. According to the tem-
perature characterization quantity, the number of in-
consistent batteries in this cluster is 2. 

 
Fig. 9.  Average spectral radius distribution of the battery cluster 
temperature. 

3) Preliminary Detection Based on Resistance 

The resistance data of the batteries standing for 3 
hour are collected, as shown in Fig. 10. 

 
Fig. 10.  Resistance curve of LCESBs when standing still. 

Figure 10 shows a battery with a resistance exceeding 

8 mΩ, significantly deviating from the typical value of 

6 mΩ recorded for most batteries. Hence, the eigen-

values of each battery in the cluster are calculated, and 

the average spectral radius is used to reflect the distri-

bution of the eigenvalues of each battery in the cluster 

as shown in Fig. 11. 

 
Fig. 11.  Average spectral radius distribution of battery cluster 

resistance. 

The average spectral radius of one cell fell on the 

inner ring, while other cells showed distributions on the 

outer ring. Therefore, the number of inconsistent cells in 

this cluster is 1, which is consistent with the resistance 

value of one cell in Fig. 11, and is significantly different 

from most other cells. 

Three characterization parameters (voltage, temper-

ature, and resistance) are used to determine the incon-

sistent batteries in the cluster during the preliminary 

detection process through the logical OR. The prelimi-

nary detection revealed (1, 18) and (1, 28) as incon-

sistent batteries in the cluster.  

The remaining battery clusters are identified using the 

same preliminary detection method, and the results are 

summarized in Table Ⅰ. A total of 28 batteries are pre-

liminarily determined as inconsistent, thereby requiring 

precise detection. 
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TABLE Ⅰ 

INITIAL DETECTION OF INCONSISTENT BATTERIES 

Battery 

cluster 

Inconsistent bat-

tery serial number 

Battery 

cluster 

Inconsistent bat-

tery serial number 

1 18,28 22 No 

2 No 23 No 

3 22 24 28 

4 19 25 17 

5 38 26 No 

6 No 27 27 

7 12 28 No 

8 22 29 35 

9 39 30 29 

10 No 31 36 

11 18 32 30 

12 12,16 33 No 

13 No 34 21 

14 25 35 22 

15 36 36 No 

16 18 37 No 

17 No 38 18 

18 No 39 No 

19 No 40 34 

20 24 41 No 

21 3 42 39 

B. Accurate Detection of Consistency 

The 28 batteries initially determined as inconsistent 
are numbered 128. A short-term discharge test is 
conducted for 10 min, with a discharge rate of 1C. The 
data is collected for a total of 20 min, including 5 min 
before, 10 min during, and 5 min after testing. 
1) Accurate Detection Based on the Test Voltage 

The consistency of the battery voltage is determined 
according to the Chinese standard “GB/T 36280-2018 
Lead Carbon Batteries for Electric Energy Storage.” 
Since the difference in the terminal voltage between the 
12 V batteries during the battery cluster operation 
should not exceed 600 mV, a voltage of 0.3V (300 mV) 
is taken as the critical point, and transformed from the 
mean voltage through the 4th-order SOD. The Wasser-
stein distance is calculated as 0.31, and set as the 
threshold. The Wasserstein distance of an individual 
battery voltage above the threshold resulted in voltage 
inconsistency of the battery; otherwise, a consistency 
battery is identified. 

The test voltage data of 28 batteries with inconsistent 

initial detection are presented in Fig. 12. 

 
Fig. 12.  Discharge test voltage curves of 28 batteries. 

In Fig. 12, a total of three curves deviate below, while 

five curves deviate above. 
A certain test voltage curve of an LCESB is provided 

in Fig. 13(a). During testing, the voltage change value 

remains at about 0.96 V. The voltage data of the LCESB 
is then transformed into a 2nd5th order SOD to obtain 
Fig. 13(b). The amplitude of the 2nd and 3rd orders of 
the SOD transformation are both about 1.5 V. Addi-
tionally, the amplitude of the 4th-order SOD transfor-
mation is more than 2-fold the original difference, and 
that of the 5th-order SOD transformation is more than 
3-fold the original difference. The difference in ampli-
tude between the 4th-order SOD transformation and the 
5th-order SOD transformation of LCESB both exceed 
the two-fold. However, since the computational com-
plexity of the 4th-order SOD transformation is smaller 
than that of the fifth-order SOD transformation, the 
4th-order SOD transformation is chosen. 

 

 
Fig. 13.  Test voltage and SOD conversion curves. (a) Measured 

voltage curve. (b) SOD transform eigenvalue curve. 

The 4th-order SOD changes in the test voltage data 
are used to extract the transformation features as shown 
in Fig. 14. 

 
Fig. 14.  Profiles of test voltage 4th-order SOD continuous 

characteristics. 

The Wasserstein distance of the ith battery voltage is 
calculated along with the voltage means after the 
4th-order SOD transformation, as shown in Fig. 15. 

 
Fig. 15.  Voltage SOD transformation feature Wasserstein distance. 
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The Wasserstein distances of batteries 2, 3, 5, 8, 9, 18, 
21, 25, and 28 are estimated to be 0.497, 0.494, 0.472, 
0.412, 0.481, 0.693, 0.348, 0.486, and 0.547, respec-
tively. Batteries exceeding the threshold are considered 
inconsistent and the original numbers are identified as 
(1, 28), (3, 22), (5, 38), (9, 39), (11, 18), (25, 17), (30, 
29), (35, 22), and (42, 39). 
2) Accurate Detection Based on the Test Temperature 

Reference [24] models the battery clusters and sug-
gests a possible control of the temperature difference 
within the battery cluster at 10℃, without considering 
the cycle life of the battery cluster. Reference [25] 
proposes a temperature difference between individual 
cells not exceeding 5℃ to ensure consistent individual 
cells in the battery cluster. Accordingly, 2.5℃ is taken 
as the critical point to transform, with the temperature 
mean, through a 5th-order SOD. The Wasserstein dis-
tance is calculated as 1.98 and set as the threshold. The 
Wasserstein distance of the battery temperature is 
greater than the threshold resulted in voltage incon-
sistency in the batteries; otherwise, the batteries are 
consistent. 

The collected temperature data for short-term dis-
charge testing of the 28 batteries are provided in Fig. 16. 
Batteries undergoing a high-rate discharge result in an 
increase in the battery temperature in a short period. 

 
Fig. 16.  Discharge test temperature curve of 28 batteries. 

A certain test temperature curve of an LCESB is 
provided in Fig. 17(a). A temperature change value of 
about 3℃ is recorded during the testing process. The 
resulting temperature data of the LCESBs are then 
transformed into a 2nd5th order SOD to yield Fig. 
17(b). The transformation characteristics and amplitude 
appeared different under the 2nd-order, 3rd-order, and 
4th-order SOD transformations. Meanwhile, the trans-
formation characteristics appear more obvious using the 
5th-order SOD transformation. According to the SOD 
transformation theory and analysis shown in Fig. 17(b), 
the difference in the characteristics of the 5th-order 
SOD transformation appear more significant. Thus, the 
5th-order SOD transformation is selected for subse-
quent study and analysis. 

 

 
Fig. 17.  Test temperature and SOD conversion curves. (a) Measured 

temperature profile. (b) SOD transform eigenvalue curve. 

The extracted features from the 5th-order SOD changes 
of the test temperature data are displayed in Fig. 18. 

 
Fig. 18.  Continuous characteristics of the 5th-order SOD at the 

test temperature. 

The Wasserstein distances for calculating the tem-

perature and mean temperature of the ith battery, after 
the 5th-order SOD transformation, are shown in Fig. 19. 

 
Fig. 19.  Wasserstein distance of the temperature SOD transfor-

mation feature. 

The results obtained based on temperature appear 
similar to those obtained based on voltage. Inconsistent 

batteries are identified to be (1, 28), (3, 22), (5, 38), (9, 
39), (11, 18), (25, 17), (30, 29), (35, 22), and (42, 39). 

A total of 28 batteries are accurately tested for mul-
tiple parameters. The results indicate that during the 
initial testing process, 9 batteries are inconsistent, while 

19 are mistakenly detected as inconsistent.  
The confusion matrix is used to qualitatively and 

quantitatively analyze the false negative rate of the 

algorithm, δ, and accuracy, μ, as shown in Fig. 20. 

 
Fig. 20.  False negative rate and accuracy of the algorithm in this 

study. 
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The false negative rate of the algorithm, δ, can be 

expressed by:  

0
100% 0%

0 1671
   


                    (20) 

The accuracy of the algorithm, μ, is calculated by: 

1671 8
100% 99.94%

1680



                 (21) 

The negative rate of the algorithm, δ, is quantitatively 
calculated as 0. Thus, the algorithm does not detect the 

actual inconsistent batteries as consistent ones, with an 
accuracy rate, μ, determined as 99.94%. 

C. Comparative Analysis of Test Results 

The accuracy of the proposed algorithm is compared 
to those of the PCA, K-means, and FCM clustering 

methods.  
The consistency testing of the LCESBs is then carried 

out by the three algorithms mentioned above using the 

voltage, temperature, and resistance data in Section 

Ⅵ.A. The results are shown in Figs. 2123. 

 
Fig. 21.  Consistency detection based on principal component 

analysis. 

Using the principal component analysis algorithm, 
the dimensionality of high-dimensional data is reduced 
to principal components 1, 2, and 3, in three dimensions. 
By detecting the battery consistency through 3D (D is 
the dimension) data, only 2 batteries are detected as 
inconsistent, and 6 batteries are not detected as incon-
sistent. 

 
Fig. 22.  Consistency detection based on K-means. 

The voltage, temperature, and resistance are nor-
malized as inputs for clustering utilizing the K-means 

clustering algorithm. To this end, the first, second, and 
third eigenvalues are represented by X, Y, and Z, re-

spectively. Results indicate 30 inconsistent batteries. 

This algorithm mistakenly detect 22 consistent batteries 
as inconsistent batteries. 

 
Fig. 23.  Consistency detection based on FCM. 

Furthermore, 52 batteries are clustered into incon-
sistent batteries using the FCM clustering algorithm. 
While this algorithm does not miss the detection of 
inconsistent batteries, it mistakenly detect 44 consistent 
batteries as inconsistent. 

The false negative rates of the above three algorithms 
are then calculated by (18) and (19). The values of δ and 
μ are shown in Table Ⅱ. 

TABLE Ⅱ 

ALGORITHM FALSE NEGATIVE RATE AND ACCURACY 

CALCULATION 

Detection algorithms False negative rate (%) Accuracy (%) 

The proposed algorithm 0 99.94 

PCA 0.32 99.64 

K-means 0 98.69 

FCM 0 97.38 

The false negative rate of PCA in Table Ⅱ is 0.32%, 
with an accuracy rate of 99.64%. The false negative rate 
of the K-means clustering is 0, and the accuracy rate is 
98.69%. The false negative rate of the FCM clustering is 
0, and the accuracy rate is 97.38%. While the accuracy 
of the PCA algorithm is relatively high, the false nega-
tive rate of the algorithm is not zero. Even if the algo-
rithm is used for detection, there may still be incon-
sistent batteries, which can affect the performance and 
service life of the battery cluster. The K-means and 
FCM clustering algorithms have slightly lower accuracy, 
which may increase the operation and maintenance 
costs of the LCESBs. The false negative rate of the 
algorithm used in this article is 0, and the accuracy rate 
is 99.94%, demonstrating a high accuracy without 
missing detections. Compared to the PCA, K-means, 
and FCM clustering methods, the proposed random 
matrix preliminary screening and SOD precise screen-
ing methods are suitable for consistency detection in 
large-scale energy storage systems. 

Ⅶ.   CONCLUSION 

To solve the problem of inconsistency in the use of 
LCESBs and the difficulty of large-scale consistency 
detection, a method based on random matrix theory for 
preliminary detection and precise SOD detection is 
proposed. The conclusions of this study are summarized 
as follows. 
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1) Typical energy storage stations have a large 
number of batteries, resulting in a significant amount of 
voltage, temperature, and resistance data. Random ma-
trices have advantages in handling high-dimensional 
data. The single loop theorem and average spectral 
radius can be used for quantitative analysis and to vis-
ually present the results of random matrix calculations 
for battery consistency, enabling preliminary testing. 

2) SOD is used to amplify the characteristic voltage 
and temperature changes of LCESBs. Then, the Was-
serstein distance of voltage and temperature, after the 
SOD transformation, is calculated, to accurately detect 
battery consistency. 

3) A confusion matrix is used to calculate the false 
negative rate and precision of the consistency detection 
algorithm. The algorithm is quantitatively and qualita-
tively evaluated, and its reliability is validated. 

4) The accuracy of the proposed algorithm is found to 
be 99.94%, which is higher than those obtained by PCA, 
K-means, and FCM. The false negative rate of the 
proposed algorithm is 0, indicating no missed detections. 
In contrast, PCA shows non-zero false negative rates, 
indicating missed detections.  

The proposed algorithm helps avoid missed detec-
tions, reduce false alarms, and improve the accuracy and 
reliability of consistency detection. The method can 
lead to improved the operational performance and ser-
vice life of large-scale LCESBs. However, the proposed 
consistency detection method only utilizes three char-
acterization parameters, i.e., voltage, temperature, and 
resistance. In future research, characterization parame-
ters, such as battery capacity, SOC, and SOH, can also 
be considered for more comprehensive and accurate 
detection of the consistency of large-scale LCESBs. 

ACKNOWLEDGMENT 

Dedicated to the 70th Anniversary of Kunming 
University of Science and Technology. 

AUTHORS’ CONTRIBUTIONS 

Hongchun Shu: ideas, and formulation of overarching 
research goals and aims. Guangxue Wang: writ-
ing-reviewing, editing, and methodology. Wenlong Li: 
data curation, and writing-original draft preparation. 
Botao Shi: supervision, conducting a research and in-
vestigation process. Zhongcheng Guo: data collection. 
All authors read and approved the final manuscript. 

FUNDING 

This work is supported in part by the National Natural 
Science Foundation of China (No. 52037003), and the 
Major Science and Technology Projects in Yunnan 

Province (No. 202402AG050006). 

AVAILABILITY OF DATA AND MATERIALS 

Please contact the corresponding author for data 
material request. 

DECLARATIONS 

Competing interests: The authors declare that they 
have no known competing financial interests or per-

sonal relationships that could have appeared to influ-
ence the work reported in this article. 

AUTHORS’ INFORMATION 

Hongchun Shu received his Ph.D. degree in electrical 

engineering from the Harbin Institute of Technology, 

China, in 1997. He became a professor in 1998 and 

completed his postdoctoral study from the Xi’an Jiao 

Tong University in 1999. He is currently among the 

famous teachers in the Yunnan Province, winning the 

first teaching merit of the Yunnan Province, the title of 

the national model teachers, the national excellent 

teachers, the National May 1 Labor Medal and the na-

tional excellent science and technology workers award. 

He presided over a total of 13 projects, including key 

and general projects of the National Natural Science 

Foundation of China, “863” projects of the Yunnan 

province. He has to his credit more than 100 inventions 

as a first inventor, six books published by the state-level 

publishing press, 200 EI or SCI indexed papers, and one 

enterprise standard. He is currently a second-grade 

professor in China and a supervisor of Ph.D. students. 

His research interests include active support technolo-

gies for renewable energy power systems, fault location 

of distribution power system, protection and HVDC. 

 
Guangxue Wang received the B.Eng. degree from the 

University of Jinan, China, in 2017. He is currently a 

Ph.D. student at the Kunming University of Science and 

Technology. His research interests include energy 

storage technology, renewable energy system control 

and HVDC transmission protection. 

 
Wenlong Li received his B.Eng. degree from the 
Yunnan Minzu University, China in 2021. He is cur-

rently a M.Sc. student at the Kunming University of 
Science and Technology. His research interest covers 
new power systems and energy storage. 

 

Botao Shi received his B.Eng. degree from Zhengzhou 

Technology and Business University in 2021. He is 

currently pursuing a master’s degree in power engi-

neering at Kunming University of Science and Tech-

nology. The main research direction for energy storage 

technology, renewable energy technologies. 

 
Zhongcheng Guo is a professor. In 1998, he was a 

visiting scholar in the Materials Department of Monash 
University in Australia, and served as the chairman and 
general manager of Kunming Hendera Science and 

Technology Co., Ltd. He hosted and completed more 



PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 10, NO. 1, JANUARY 2025 102 

than 20 projects, including the National 863 Program 

and the National Natural Science Foundation of China, 
received the National Excellent Doctoral Dissertation 

Award from the Ministry of Education of China, and 
published over 200 core papers, 9 monographs and 
more than 40 authorized patents. His main research 

direction is large-scale energy storage technology. 

REFERENCES 

[1]    J. Li, G. Mu, and J. Zhang et al., “Dynamic economic 
evaluation of hundred megawatt-scale electrochemical 
energy storage for auxiliary peak shaving,” Protection 
and Control of Modern Power Systems, vol. 8, no. 3, Jul. 
2023. 

[2]    T. Wang and B. Suo (2023, Mar.), “Low-carbon elec-
tricity technology transformation in Chinese universi-
ties,” International Journal of Climate Change Strate-
gies and Management, [Online]. Available: 
https://doi.org/10.1108/IJCCSM-08-2022-0121 

[3]    X. Yao, S. Ma, and Y. Fan et al., “An investigation of 

battery storage operating strategies in the context of 
smart cities,” Industrial Management & Data Systems, 

vol. 122, no. 10, pp. 2393-2415, Aug. 2022. 
[4]    Y. Qin, Z. Xu, and S. Xiao et al., “Temperature con-

sistency-oriented rapid heating strategy combining 
pulsed operation and external thermal management for 
lithium-ion batteries,” Applied Energy, vol. 335, no. 
120659, Apr. 2023. 

[5]    X. Fan, W. Zhang, and B. Sun et al., “Battery pack 

consistency modeling based on generative adversarial 
networks,” Energy, vol. 239, no. 122419, Jan. 2022. 

[6]    J. Liu and X. Liu, “An improved method of state of 
health prediction for lithium batteries considering dif-

ferent temperature,” Journal of Energy Storage, vol. 63, 

no. 107028, Jul. 2023.  
[7]    N. Yan, X. Li, and Y. Zhong et al., “Stepwise screening 

method for retired power battery modules based on 
static-dynamic consistency,” Proceedings of the CSEE, 

vol. 43, no. 5, pp. 2060-2069, Jul. 2023. 

[8]    M. Cai, S. Wang, and K. Wang et al., “A sorting method 
for series connected liquid metal battery modules,” 

Proceedings of the CSEE, vol. 43, no. 14, pp. 5450-5460, 

Jul. 2023. 
[9]    H. Wang, K. Yu, and L. Mao et al., “Evaluation of 

lithium-ion battery pack capacity consistency using 
one-dimensional magnetic field scanning,” IEEE 
Transactions Instrumentation and Measurement, vol. 71, 
no. 3507610, Apr. 2022. 

[10]  Z. Zhou, A. Ran, and S. Chen et al., “A fast screening 
framework for second-life batteries based on an im-

proved bisecting K-means algorithm combined with fast 

pulse test,” Journal of Energy Storage, vol. 31, no. 
101739, Oct. 2020. 

[11]  L. Wang, L. Wang, and C. Liao et al., “Research on 
multi-parameter evaluation of electric vehicle power 
battery consistency based on principal component 
analysis,” Journal of Shanghai Jiaotong University 
(Science), vol. 23, no. 5, pp. 711-720, Aug. 2018. 

[12]  Z. Wang, X. Tuo, and J. Zhou et al., “Performance study 

of large capacity industrial lead‑carbon battery for en-
ergy storage,” Journal of Energy Storage, vol. 55, no. 

105398, Nov. 2022. 

[13]  N. Vangapally, T. R. Penki, and Y. Elias et al., 

“Lead-acid batteries and lead-carbon hybrid systems: a 
review,” Journal of Power Sources, vol. 579, no. 

233312, Sept. 2023. 

[14]  H. Shu, W. Li, and G. Wang et al., “Online collaborative 
estimation technology for SOC and SOH of frequency 

regulation of a lead-carbon battery in a power system 
with a high proportion of renewable energy,” Protection 

and Control of Modern Power Systems, vol. 9, no. 1, pp. 

52-64, Jan. 2024. 
[15]  J. Huang and Y. Zhang, “Essays on conceptual elec-

trochemistry: I. Bridging open-circuit voltage of elec-

trochemical cells and charge distribution at elec-
trode-electrolyte interfaces,” Frontiers in chemistry, vol. 

10, no. 1095988, Nov. 2022. 
[16]  H. Shu, G. Wang, and X. Tian et al., “Single-ended 

protection method of MMC-HVDC transmission line 

based on random matrix theory,” International Journal 
of Electrical Power & Energy Systems, vol. 142, no. 

108299, Nov. 2022. 
[17]  X. He, C. Lei, and Q. Ai et al., “Invisible units detection 

and estimation based on random matrix theory,” IEEE 
Transactions Power Systems, vol. 35, no. 3, pp. 
1846-1855, May 2020. 

[18]  B. Li, Z. Li, and P. Ju, “An edge-cloud collaborative 
fault detection method for low-voltage distribution 
networks based on random matrix theory,” Proceedings 
of the CSEE, vol. 42, no. 1, pp. 25-36, Jan. 2022. (in 
Chinese) 

[19]  H. Shu, Y. Dai, and N. An et al., “Fault identification 
method of MMC-HVDC line based on sequential over-

lapping derivative transform,” Transactions of China 
Electrotechnical Society, vol. 3636, no. 1, pp. 203-214, 

226, Jan. 2021. (in Chinese) 

[20]  Y. Zhao, W. Wang, and S. Yan, “Distributionally robust 
optimization scheduling of a joint wind-solar-storage 

system considering step-type carbon trading,” Power 
System Protection and Control, vol. 51, no. 6, Mar. 2023. 

(in Chinese) 

[21]  S. Zhang, S. Ge, and H. Liu et al., “Model and observa-
tion of the feasible region for PV integration capacity 

considering Wasserstein-distance-based distributionally 

robust chance constraints,” Applied Energy, vol. 347, no. 
121312, Oct. 2023. 

[22]  A. Luque, M. Mazzoleni, and A. Carrasco et al., “Visu-
alizing classification results: confusion star and confu-

sion gear,” IEEE Access, vol. 10, pp. 1659-1677, Jan. 

2022. 
[23]  P. K. Dash, Eluri N. V. D. V. Prasad, and R. K. Jalli et 

al., “Multiple power quality disturbances analysis in 
photovoltaic integrated direct current microgrid using 
adaptive morphological filter with deep learning algo-
rithm,” Applied Energy, vol. 309, no. 118454, Mar. 
2022. 

[24]  Z. Liu, “Simulation of cell to cell variations and thermal 
management in lithium-ion battery packs,” Ph.D. dis-
sertation, the School of Chemical Engineering and 
Technology, Tianjin University, Tianjin, China, 2014. 

[25]  X. Feng, C. Xu, and X. He et al., “Mechanisms for the 

evolution of cell variations within a 
LiNixCoyMnzO2/graphite lithium-ion battery pack 

caused by temperature non-uniformity,” Journal of 

Cleaner Production, vol. 205, pp. 447-462, Dec. 2018. 


