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ABSTRACT. To address the significant risks posed by internal short circuit (ISC) faults
in lithium-ion batteries (LIBs) and to ensure the safe operation of LIB systems, this
paper proposes an ISC fault identification method based on successive variational mode
decomposition (SVMD), recurrence plot (RP) spectra, and the MobileNetV3 network.
The method begins by decomposing the voltage signals of LIBs — both under normal con-
ditions and those experiencing ISC' faults — using the SVMD algorithm. The resulting
intrinsic mode functions (IMFs) are then converted into RP spectra. These spectra are
subsequently fed into the MobileNetV3 network for classification. Comparative analysis
with other lightweight convolutional neural networks reveals that the proposed approach
achieves a significantly higher recognition rate, with an accuracy of 97.2%. Furthermore,
the method outperforms competing networks across various performance metrics, demon-
strating its effectiveness in identifying ISC faults in LIBs.

Keywords: Lithium-ion battery, Recurrence plot, Internal short circuit fault, Fault
diagnosis, MobileNetV3, Successive variational mode decomposition

1. Introduction. Lithium-ion batteries (LIBs) possess several advantages, including
high specific energy and power, a wide operating temperature range, and compact volume,
making them widely used in transportation and energy storage systems [1]. However, as
energy storage devices relying on complex electrochemical reactions, LIBs have been in-
creasingly involved in safety incidents in recent years. This has elevated the enhancement
of LIB safety to a critical priority for industry development. Common failures in LIBs
include internal short circuit (ISC), external short circuit (ESC), sensor malfunctions,
overcharging, over-discharging, and thermal faults. Among these, ISC failures are the
most prevalent and indicative, making them a major factor contributing to power battery
failures and related accidents [2]. Accurate detection of ISC is, therefore, essential to en-
sure the secure and reliable operation of battery systems. Diagnostic approaches for ISC
failures in LIBs generally fall into three categories: model-driven, knowledge-driven, and
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data-driven methods [3]. Each offers unique strategies to improve safety and operational
reliability.

Model-driven fault diagnosis approaches rely heavily on developing accurate models of
LIB, as the parameters within these models provide critical insights into potential battery
faults. By comparing measured parameters with model-estimated parameters, residual
signals are generated, facilitating fault diagnosis through specific evaluation methods [4].
Ouyang et al. [5] proposed a method based on the mean difference model (MDM), utilizing
the recursive least squares method to calculate variations in the MDM'’s open-circuit
voltage, resistance, and other characteristic parameters, enabling the detection of internal
short circuit (ISC) faults in LIB packs.

Knowledge-driven approaches to fault diagnosis primarily rely on the knowledge and
observational data of LIB systems. These methods establish specific relationships between
faults and their associated data features using techniques such as fault trees, fuzzy logic,
and expert systems, without requiring the development of a detailed system model [6].
Wu et al. [7] utilized changes in electrical parameters and variations in the incremen-
tal capacity analysis curve as fault feature vectors. Furthermore, they developed a fault
analysis framework based on fuzzy logic to facilitate fault detection in LIBs.

Data-driven approaches to fault diagnosis identify faults by analyzing features extract-
ed from the operational data of LIB [8]. Niu et al. [9] proposed an innovative approach for
battery warning and fault diagnosis, utilizing multidimensional, non-dimensional indica-
tors to enhance diagnostic accuracy. Jiang et al. [10] introduced a fault diagnosis method
based on the isolation forest algorithm, which demonstrates exceptional capabilities for
detecting and warning of thermal runaway in LIB packs. This approach leverages real-
world data, including normalized battery voltage, to accurately identify fault types and
enable early fault detection, providing robust warnings for both progressive and abrupt
faults. Furthermore, Jiang et al. [4] developed a fault assessment procedure that inte-
grates state analysis with early warnings of thermal runaway, offering a comprehensive
framework for monitoring and mitigating potential risks in LIB systems. Shang et al. [11]
proposed an improved sample Shannon entropy-based method for detecting ISC faults
in LIBs. This method identifies early-stage ISC faults by analyzing the modified sample
entropy of the battery voltage sequence within a moving window and can predict the
fault occurrence time. It demonstrates strong robustness, high reliability, and low com-
putational cost. Qiao et al. [12] developed a data-driven method using machine learning
algorithms for diagnosing the early ISC faults based on different relaxation voltage fea-
tures. The relaxation voltage features of four time scales are extracted and preliminarily
selected to train and verify the Gaussian process regression (GPR) model. Furthermore,
the particle swarm optimization algorithm is used to optimize the input features for im-
proving the accuracy of the ISC diagnosis. Experimental results show that the diagnostic
error of the proposed method is less than 6.5% for early ISC faults.

In conclusion, model-driven fault diagnosis algorithms require high computational pre-
cision and face challenges in determining appropriate thresholds. Knowledge-driven fault
diagnosis algorithms, on the other hand, often lack sufficient data support, and the exter-
nal signal features of batteries under different fault conditions exhibit minimal variation
[4]. Additionally, the mechanisms behind some battery faults remain poorly understood.
Conversely, data-driven fault diagnosis algorithms offer a promising solution for LIB fault
detection. These algorithms bypass the need for constructing complex computational
models and typically demonstrate high diagnostic efficiency, making them particularly
well-suited for LIB fault diagnosis.

Although the conventional data-driven methods have achieved excellent diagnostic per-
formance in LIB fault diagnosis, the computational load required by these methods is too
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large to be applied on the battery management system (BMS) side with limited memory.
Therefore, this paper proposes a lightweight LIB fault diagnosis method, hoping to solve
this problem.

This paper presents a novel approach for detecting ISC faults in LIBs, utilizing suc-
cessive variational mode decomposition (SVMD), recurrence plot (RP) spectra, and the
MobileNetV3 network. The SVMD algorithm and RP transformation are employed to
convert voltage data collected from LIBs into RP spectra, which are then processed
through the trained MobileNetV3 network to achieve accurate ISC fault identification.
Furthermore, this paper compares the proposed method with several classic lightweight
convolutional neural networks, evaluating their performance across various metrics. The
performance metrics used in this paper include FLOPs, inference time, and recognition
rate. FLOPs is used to quantitatively evaluate the computational load of the model. In-
ference time is used to assess the time spent by the model on detecting a single sample.
Recognition rate is used to evaluate the correct identification rate of the model for LIBs
with ISC fault and those in normal operation. The comparison highlights the advantages
of the proposed approach, particularly in terms of lightweight deployment and recognition
accuracy, demonstrating its effectiveness and practicality in LIB fault diagnosis.

2. Diagnostic Method Description.

2.1. VMD. VMD is a completely non-recursive, quasi-orthogonal signal analysis method
that decomposes a signal into a set of IMF's and solves the variational problem using the
variational principle and the alternating direction method of multipliers (ADMM) [8, 13].
The variational problem can be described as follows:

min {Z H@t [(6(¢) 4 j/mt) * vg(¢)] e—jwktuz}

{onddwn} |

st > v(t) =o(t)

(1)

As can be seen in Equation (1), vg(t) represents the IMF component after VMD, * repre-
sents the convolution operator, wy indicates the centralized frequency of the kth IMF, the
signal to be decomposed is denoted by v(t), and §(t) represents the unit pulse function.

To solve the above equation, we can introduce a quadratic penalty term 7 and Lagrange
multipliers 8. The following is the augmented Lagrangian expression:

v(t) = > vk(t)

k

2

L (Uk7wk7 5) = TZ Hat [(5(t) +j/ﬂ-t) * Uk(t)] e_jwktHz +

2

+ <6(t), v(t) = > vk(t)> (2)

The alternating direction multiplier method can be used to solve the augmented La-
grange equation.

2.2. SVMD. SVMD is a robust and swift approach for adaptive signal decomposition. In
a seamless process, all the IMF's of the signal are extracted by SVMD. Compared to VMD,
pre-existing of the volume of modes is not required by SVMD), and it exhibits reduced com-
putational complexity. The decomposition process of the signal is more automated and
efficient with SVMD. SVMD is an algorithm for continuously discovering modes. This
continuous mode discovery method helps improve convergence speed. The signal decom-
position here is achieved by continuously applying variational mode extraction (VME)
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to signal, with additional constraints added to prevent convergence to already extracted
modes [14, 15]. The procedure proceeds until all modes have been isolated. Alternative-
ly, it terminates when the reconstruction error — evaluating the discrepancy between the
input signal and the aggregate sum of the modes — drops below an established threshold.
Enhancing the accuracy of the decomposition is this iterative refinement.

The process of SVMD can be described as follows.

Assume voltage signal of LIBs v(¢) can be divided into two components, the mth de-
composed mode v,,(t) and the residual signal v, (t).

v(t) = vm(t) + vn(t) (3)
As can be seen in Equation (3), the residual signal v,(¢) in the equation is the v(t)

excluding v,,(t), and it made up of two parts: the obtained modes and the untreated
portion of the input signal v, ().

Un(t) = Z vi(t) + vu(t) (4)

i=1m—1
As dictated by principle of VME, the decomposed modes should be centered around a
central frequency. Therefore, the modes extracted in the mth iteration satisfy the following

minimization criterion:
O [(5(15) + %) * vm(t)] e dwmt

2
D~ |

(5)

In Equation (5), w,, is the center frequency of the mth mode decomposition, and x*
represents the convolution operator.

At the effective component frequency of the mth mode decomposition v,,(t), the en-
ergy of v,(t) should be minimized. This constraint will work by utilizing a filter with an
appropriate frequency response of 4,,(w). The frequency response of 4,,(w) filter can be
designed as:

2

1

(W) = —— (6)
T (W — W)
Therefore, the second minimization criterion D is
Dy = [[ym(t) * va(t)]]; (7)

In Equation (7), 7,,(f) is the impulse response of the designed filter.

By minimizing the two criteria D; and Dy, the mth decomposed mode can be obtained.
However, this mode might be one of the m — 1 modes previously obtained. In order to
avoid such situations, v,,(t) should have less energy near the center frequencies of the
previously obtained modes. This constraint is similar to the constraint of D,, and the
frequency response of the filter used is

1
Jilw) = ——; i=12,....m—1 (8)
T (w — w;)

The established constraint is
m—1
Dy = |i(t) * v (D)II3 9)
i=1

In Equation (9), v;(t) is the impulse response of the designed filter. To ensure that the
decomposed m modes and the unprocessed part of the signal can be reconstructed into
the original signal, the final constraint is applied, namely

v(t) = o (t) Fva(t) + Y wilt) (10)

i=1l:m—1
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When the constraints of the m — 1 decomposed modes are known, the mth mode is
identified. This mode can then be converted into a constrained minimization problem.
According to the constraints above, the combination of Dy, Dy and D3 is minimized:

min {TDl —|— D2 + Dg}
Um ,Wm,Un

subject to vy, (1) + v, (t) = v(t) (11)

In Equation (11), 7 is a parameter for balancing D;, Dy and Ds. It can be determined
utilizing the Lagrangian multiplier approach. To formulate the augmented Lagrangian
function, the quadratic penalty term is integrated with Lagrange multipliers. This ap-
proach accelerates convergence and boosts reconstruction performance amid noise.

2

L (U, Wi, 7) = 7Dy + Dy + D3 +

- <T(t), v(t) (vm(t) +vu(t) + i vi(t)> > (12)

In Equation (12), 7 is Lagrange multiplier. Similar to VME, the minimization problem
can be solved utilizing ADMM. The result of v,,(w) after n+ 1 iterations can be described
below:

D) + 7 (w — wp)* i) + 52

ot (w) = ] (13)
[1+72(w—w%)][1+27(w—w”) —lel m
where the equation for w,, can be approximated as
n+1 fO n+1 ’ dw (14>

" fo U?nJrl( )’ dw

Similar to VME, the equations for updating the Lagrange multipliers 8 are obtained
based on dual ascent:

BnJrl :Bn+7_

b(w) — (@;}jl( oL (t) + ZUW )] (15)

In the process of minimizing the function v,(¢) using the Parseval inequality, the fol-
lowing equation can be described below:

7 (w — Wit (B(w) — 05 (w))
1+ 72 (w—wn )4

P w—epn)! (T ) - 22) + T aw)

Oy (w) =

16
1472 (w—wr)* (16)
By substituting Equation (16) for v,(t), the following equation can be obtained:
( (0(w) = () — " anfw) + 22) e
G(w) = 1 2 _ 221:1 UZ(“:L)JFI
+ St 1472 (w—wpit)? (17)
m—1
Bt =B 7 | d(w) — o (w) = Glw) = Yot (w)
\ =1

The complete iterative process is as follows.
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1) Input the voltage signal of LIBs v(t), set T, €1, €2 and ¢, and initialize the number
of modes m to 0. o

2) Set m = m + 1, initialize v} , 5!, wl  set n equal to 0, p outer loop begins.

3) Set n = n + 1, update 0, for all w > 0 according to Equation (13), update w,,
according to Equation (14), update B according to Equation (17), and start the

inner loop.
o5~

mH

4) The inner loop ends when the iteration converges to 2 < g1, €1 represents

o115
the convergence threshold of the inner loop, and this paper T sets to 1e—4.

‘U **H(U(t) Ez Lt || )

5) The outer loop ends when the iteration converges to < €9, €9
represents the convergence threshold of the outer loop, and thls paper sets to 1e 3.

2.3. Transformation of RP. After decomposing the voltage signal using SVMD, the
following can be obtained:
k
=S wi(t) (18)
i=1

After decomposing the IMF components obtained from SVMD decomposition, RP
transformation is applied. Formally proposed by Eckmann et al. [16], RP is a nonlinear
signal analysis method extensively employed to reveal the periodic patterns of trajectories
in the state space [17]. It is a commonly used processing and analysis method in the field
of non-stationary signal analysis [18]. RP can effectively reflect the similarity and stability
of the internal structure within signal time series. Recursion exists in the original space.
After the phase space is reconstructed, the points in the phase space can be intuitive-
ly displayed in the form of two-dimensional graphics, and the resulting two-dimensional
graphics is RP.

The algorithmic steps for generating an RP are as follows.

Assuming vector U = (uy, us, ..., u,) represents a time series signal of length V.

1) By performing theoretical calculations on the collected time series, suitable embed-
ding dimension m and delay time 7 can be determined, thereby reconstructing the phase
space. The reconstructed space is given by

Xi = [uia Uigry -« - - aui+(mfl)T] (19)
In Equation (19),:=1,2,...,n— (m — 1)7.
2) Calculate the distance (vector norm) between any two states z; and x; in the recon-
structed phase space:
Sij = llwi — 4] (20)
In Equation (20), j =1,2,...,n— (m — 1)7, and || || is table norm.
3) Calculate the recurrence value

R(i,j) = ©(c — 5i) (21)
In Equation (21), the threshold e represents a preset distance, making R(i,j) € (0, 1),
and © indicates Heaviside function.
0, u<0
ow={{ 450 )
Using the above steps, recurrence plots can be obtained. When R(i,j) = 1, a black dot
appears on RP. Conversely, when R(7,j) = 0, a white dot is shown [19]. Black and white
dots are the most basic representations of a recurrence plot. By depicting the plot with
black and white dots, the characteristics of the time series can be reflected.
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2.4. MobileNetV3 network. Introduced by the Google team in 2019, a highly efficient
and lightweight network for mobile and embedded applications is MobileNetV3. Its char-
acteristics include having fewer parameters, reduced computational requirements, and
shorter inference time, making it highly suitable for scenarios with limited storage space
and power constraints. Compared to MobileNetV1 and V2, MobileNetV3 introduced three
main updates.

1) Optimizing Network Architecture: Introducing Platform-Aware NAS and NetAdapt
20].

2) Improving Nonlinear Activation Functions: Introducing a new nonlinear activation
function h-swish. In the first half of the MobileNetV3 network, swish is used, while h-swish
is applied in the latter half.

3) Redesigned Expensive Layers: Redesigned and modified the interactions at the end
of the network, adjusting the structural sequence of the network [21, 22].

Figure 1 shows the network structure of MobileNetV3. As input to MobileNetV3, im-
ages are used, the input undergoes convolutional operations, followed by batch normal-
ization (BN) layers and the h-swish, before entering the bottleneck (Bneck) structure of
the network. MobileNetV3 is divided into two versions: large and small. The differences
between the two versions lie in the number of Bnecks and their internal parameters. This
article considers the lightweight deployment of fault diagnosis algorithms and selects the
MobileNetV3-small version. After average pooling, the output is then passed through a
BN layer in the fully connected (FC) layer and activated using h-swish to generate the
feature vector [23].

/TN

I I

I I

()

Conv3 s2| | |

BN _>I I—p Avg pool l Fully Connected

B | Small:#11 |
Input | Large:*15 |
I I

\ /

— —

Output

F1GURE 1. MobileNetV3 network structure

Building on the MobileNetV2 framework, MobileNetV3 introduces lightweight attention
modules. These modules, based on squeeze and excitation, are integrated into the Bneck
structure to enhance efficiency. These modules are placed after the depthwise (DW) filters
in the expansion phase. As shown in Figure 2, MobileNetV3 employs platform-aware NAS
to optimize the global network structure by refining each individual network block. The
number of filters is then searched using the NetAdapt algorithm, which is a complement
to platform-aware NAS and authorizes the individual layers of the network to be adapted
in a sequential manner.

MobileNetV3 also makes specific optimizations such as reducing the number of convo-
lutional filters from 32 to 16 in the first convolutional layer and streamlining the Last
Stage. Furthermore, after redesigning the expensive layer structure, MobileNetV3 greatly
reduces the model’s inference time.

MobileNet series’ core idea lies in the utilization of DW separable convolutions, which
is also the primary reason for its lightweight characteristics. As shown in Figure 3, DW
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F1GURE 2. The schematic diagram of the lightweight attention module
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F1GURE 3. Deep separable convolution

separable convolution decomposes a standard convolution into two separate processes:
DW convolution and pointwise (PW) convolution.

In standard convolution, a three-dimensional convolution kernel is employed to ex-
tract feature information simultaneously from both the spatial dimensions and channel
dimensions. However, in DW separable convolution, it consists of DW convolution and
PW convolution. The DW convolution is responsible for extracting feature information
along the spatial dimensions, and the PW convolution, building upon output of the DW
convolution, computes a linear combination of the outputs, further extracting feature
information along the channel dimension [21, 24]. By simplifying calculations and de-
creasing the parameter count, this decomposition streamlines the model, making it more
lightweight while preserving its representational capacity.

2.5. Fault diagnosis process. The fault diagnosis algorithm derived from SVMD-RP
spectra and MobileNetV3 network introduced in this paper is shown in Table 1.

3. Data Description. The voltage data analyzed in this study originates from the Open
Laboratory of the National Big Data Alliance of New Energy Vehicles (NDANEV) plat-
form. This platform is responsible for monitoring new energy vehicles (EVs) across the
country. It provides insights into both broad metrics, such as the total number of vehicles
connected to the national network and those currently online, as well as specific oper-
ational details for individual vehicles, including battery status, temperature, and other
relevant parameters [25, 26, 27]. The platform’s architecture is illustrated in Figure 4.
The platform collects actual operational data from EVs equipped with onboard termi-
nals that gather and process various data types. This information is transmitted to the
NDANEYV system through the GB/T 32960 protocol, and is stored and analyzed in the
system. The collected data comprises both dynamic and static categories. Dynamic data
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TABLE 1. Fault diagnosis algorithm

Algorithm: Fault diagnosis algorithm
Input: Voltage signals of LIBs
Output: The performance metrics of fault diagnosis algorithms

1. Obtaining SVMD-RP spectra using SVMD and RP transformation.

2. Randomly splitting the SVMD-RP spectra into training dataset V.., and val-
idation dataset V.

3. Constructing the MobileNetV3 network and train it using Vi,qn.

4. Initializing the training parameters. The cross entropy loss function and the
Adam optimizer with a learning rate of 0.001, the number of training epochs is set to
50.

5. Adjusting model parameters through backpropagation to minimize loss function
progressively.

6. Employing the optimized MobileNetV3 network to identify validation dataset
Ve and obtain the performance metrics.

Safety Management

Behavior Analysis

State Estimation

Operation Evalution

FIGURE 4. The schematic of the NDANEV platform

primarily includes parameters of the battery system, such as voltage, current, temper-
ature, and state of charge (SOC). In contrast, static data encompasses details like the
VIN, vehicle model, and other related information. However, due to limitations in vehicle
sensor placement and capabilities, not all characteristics of the battery systems can be
captured [4, 28]. The careful selection of features is critical for effectively assessing the
state of LIBs. Such selection plays a significant role in ensuring accurate analysis and
evaluation of battery performance and health.

As shown in Table 2, instantaneous current is highly influenced by driving behavior,
and for a series-connected battery pack, the current across all individual cells remains
consistent. However, detecting ISC faults in LIB based on current alone is challenging.
The SOC represents the overall condition of LIB packs, but subtle variations in individual
cells are not easily discernible through SOC measurements. Additionally, because vehicle
temperature sensors do not sample data at the level of individual cells, there is a delay in
capturing internal temperature changes on the battery’s surface. Consequently, temper-
ature measurements only provide partial insight into the thermal characteristics of LIBs.
In contrast, the voltage of each individual cell serves as the most direct indicator of a
cell’s condition, making it an ideal parameter for diagnosing battery faults. This study,
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TABLE 2. Characteristic state vector selection

Type of data Features
Current Current depends on driving behavior
Cell Voltage Sensitive to state changes
SOC Battery packs status

Temperature Measures the temperature at a fixed location

3350
3200

3300
3000

3250
2800

Voltage/mv
Voltage/mv

3200

2600

3150

0 200 400 600 800 1000 0 200 400 600 800 1000
Time/s Time/s

(a) (b)

FIGURE 5. Voltage signals of LIBs: (a) Normal voltage signal of LIB;
(b) voltage signal of LIB with ISC fault

therefore, selects individual cell voltage as the primary feature parameter for ISC fault
diagnosis.

To minimize the impact of various battery types and external factors on the results,
a dataset was curated from electric vehicles (EVs) using the same type of battery. This en-
sures consistency across models, reducing variability. The dataset includes EVs manufac-
tured by a specific automotive company and monitored through the NDANEV platform.
The selected battery type is a ternary lithium battery with a nominal voltage of 3.2 V.
The dataset comprises 1000 voltage signal samples collected under normal conditions and
during ISC faults. Figure 5 illustrates these voltage signals.

For this study, 60 sets of data were selected for each condition, resulting in a total of
120 datasets. Of these, 30 sets for each condition were randomly chosen for training the
network. The remaining 60 sets were reserved as the testing set to validate the proposed

approach.

4. Generation of SVMD-RP Spectra and Performance Metrics of Different
Network. The voltage signals of LIBs are adaptively decomposed using SVMD algori-
thm, with parameters [ set to 20000 and a convergence error threshold of le-6. The
SVMD decomposition results are introduced in Figure 6.

As illustrated in Figure 6, the voltage signals of LIBs are adaptively decomposed into
three distinct components using SVMD algorithm: Mode 1, Mode 2, and Mode 3, which
are extracted sequentially from low to high frequencies. Mode 1, the static component,
represents the long-term trend or the fundamental component of the voltage signal from
LIBs. Mode 2 and Mode 3 both represent dynamic components, characterizing the rapid
variations and short-term fluctuations in the voltage signals of LIBs.
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FIGURE 6. Voltage signals of LIB by SVMD: (a) Normal voltage signal of
LIB by SVMD; (b) voltage signal of LIB with ISC fault by SVMD
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FIGURE 7. RP spectra: (a) RP of LIB voltage signal under normal condi-
tion; (b) RP of LIB voltage signal with ISC fault

800

Under normal conditions, the trend of the static component Mode 1 is not obvious,
but under the circumstances of an ISC fault in LIBs, this trend component will show a
clear downward trend before the fault occurs. Relatively, under normal conditions, the
dynamic component Mode 2, Mode 3 do not change significantly, but in the presence of
ISC faults in the voltage signals of LIBs, the dynamic component will show significant
fluctuations before the fault occurs.

After decomposing the voltage signals of the LIBs using SVMD, the IMF's of the voltage
signal are obtained. The IMFs of each voltage signal are then transformed into RPs,
resulting in the RP spectra shown in Figure 7. After obtaining the RP spectra, it is
transformed into a 256 x 256 matrix as MobileNetV3’s input. The MobileNetV3 network
is then utilized to automatically extract the intrinsic features of the pixel data in the plot.
Finally, these features are mapped to sample labels, enabling the identification of normal
LIBs and those with ISC faults.

In this paper, validation dataset V,,; is selected to verify the introduced approach. The
validation dataset consists of 60 sets of data, including 30 sets of voltage signals under
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normal conditions and 30 sets of voltage signals when ISC fault occurs in LIBs. To verify
the advantages of the introduced approach, other classical lightweight convolutional neural
network models are selected and compared.

To further validate the effectiveness of the approach described, this paper undertakes a
comparative analysis of other three established lightweight convolutional neural network,
ShuffleNetV2, LeNet, and EfficientNetV2 — using them to train and recognize lithium-ion
battery voltage signals under both normal and internal short-circuit fault conditions. The
training is conducted using a standardized dataset, with all models employing stochastic
gradient descent for optimization and maintaining identical training parameters as those
used for MobileNetV3 in this study.

The performance metrics for the four models are detailed in the accompanying Table
3. Analysis reveals that, despite LeNet’s relatively low floating-point operation volume
of 7.69 MB, its fault recognition accuracy is limited to 87.6%, which is inadequate for
effective fault diagnosis. Conversely, MobileNetV3 demonstrates a superior fault recogni-
tion rate of 97.2%, marginally outperforming EfficientNetV2 and ShuffleNetV2. Moreover,
MobileNetV3’s FLOPs is lower than that of the latter two models, and it achieves a no-
tably efficient inference time of 3.04 ms. This performance underscores MobileNetV3’s
exceptional suitability for rapid, lightweight deployment in fault detection applications.

TABLE 3. The performance metrics of different network

Network FLOPs Inference time Recognition rate
ShuffleNetV2 26.78 MB 8.28 ms 92.1%
LeNet 7.69 MB 10.54 ms 87.6%
EfficientNetV2 18.95 MB 16.04 ms 95.4%
MobileNetV3 12.24 MB 3.04 ms 97.2%

As the number of iterations increases, the training loss value of the MobileNetV3 net-
work gradually decreases and quickly stabilizes, as shown in Figure 8. The training ac-
curacy curve stabilizes after reaching 30 iterations. At this point, further increasing the
number of iterations would consume significant computational time. Therefore, taking
redundancy into consideration, this paper sets the number of iterations to 50.
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FIGURE 8. MobileNetV3 training process: (a) Training accuracy; (b) train-
ing loss value



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.21, NO.5, 2025 1251

5. Conclusion. This paper utilizes voltage signals of LIB in both normal states and those
experiencing ISC faults, collected from real vehicles via the NDANEYV platform, as input
for the diagnostic algorithm. The voltage signals are decomposed using SVMD to extract
IMF. These IMFs are then transformed into RP spectra. The lightweight MobileNetV3
model is employed to extract features from the RP spectra, enabling the identification
of LIB voltage signals corresponding to normal states and ISC faults. Additionally, the
proposed method is compared with other classical lightweight CNN models. Although
the proposed method demonstrates promising performance in terms of inference time,
recognition rate, and FLOPs for LIBs with ISC fault detection, several challenges remain.
Specifically, while this study focuses on ISC fault identification, LIBs can experience
various complex fault types, making accurate fault classification a challenging task. Ad-
dressing these complexities remains a crucial research challenge, and future work will
prioritize the development of more comprehensive fault diagnosis solutions to enhance
the reliability and robustness of BMS.

The notable characteristics and contributions of this work are summarized as follows.

1) Time Imaging Technology for ISC Fault Detection. This study demonstrates the
effective use of time imaging technology for detecting and identifying ISC faults
in LIBs. By converting one-dimensional time-series data into two-dimensional RP
spectra, the method provides richer information, significantly enhancing the accuracy
of ISC fault classification in LIBs.

2) Development of Hybrid Models. By integrating classical lightweight CNN models,
hybrid frameworks such as SVMD-RP-LeNet are proposed. These hybrid models
combine the strengths of SVMD, RP transformation, and lightweight CNNs, offering
robust fault detection performance.

3) Expanding Research on ISC Fault Identification. This work broadens the method-
ological landscape for ISC fault identification in LIBs, contributing to safer LIB
operation and encouraging further advancements in diagnostic technology.
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