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ARTICLE INFO ABSTRACT
Keywords: The swift advancement of electric vehicle technology has led to increased requirements for ensuring the
Battery safety safety of batteries. Various models for predicting battery life and aging have been introduced to facilitate

Cloud-based

Machine learning

Failure mode recognition
Pre-short-circuit warning
Post-short-circuit prediction

the appropriate utilization of batteries. Timely prediction and alert systems for identifying potential battery
failure due to mechanical abuse are of utmost importance. The ongoing progress in machine learning (ML)
algorithms and the evolution of extensive cloud-based models offer viable solutions for predicting and issuing
early warnings for battery failure. This study focuses on a crucial aspect of EV safety: the timely prediction
and prevention of battery failure caused by mechanical abuse. It introduces a cloud-based framework designed
for the prediction and early detection of battery failure. The framework comprises three components, with the
first being a model for recognizing failure modes resulting from mechanical abuse of batteries. To achieve this
aim, a self-organizing map-back propagation (SOM-BP) model is employed, which integrates both supervised
and unsupervised learning capabilities to identify three distinct failure conditions: bending, compression, and
indentation. The second part involves the implementation of a prediction and pre-short-circuit warning. This
is achieved through the utilization of whale optimization algorithm-support vector regression (WOA-SVR)
and tuna swarm optimization-support vector regression (TSO-SVR) models to forecast the remaining duration
until mechanical failure and short-circuit occurrence. Additionally, these models facilitate the prediction of
voltage and temperature levels at the subsequent sampling time. The third part deals with the implementation
of battery post-short-circuit prediction using WOA-SVR, TSO-SVR, and random forest models. This involves
sampling the temperature, subsequent current, and voltage under various SOCs and then comparing the
characteristics of the three models. The findings indicate that the ML models are capable of accurately
identifying, predicting, and providing early warnings for failure modes. This work proposes a scalable and
potentially efficient solution by leveraging cloud computing for data storage, processing, and model training.
The collaboration between the cloud model and vehicle-side information can effectively ensure the safety of
passengers.

1. Introduction of trust among consumers, so the safe design of batteries is of great
importance [10-15].
Currently, numerous scholars have made significant contributions to

the advancement of energy storage and battery technology

1.1. Research background

The popularity of electric vehicles has put forward higher require- [16-32]. Cao et al. developed a fully detailed three-dimensional ex-

ments for battery safety [1-9]. The battery may experience deformation
when subjected to mechanical abuse, leading to penetration of the sep-
arator and resulting in internal short-circuits. In more severe instances,
thermal runaway may occur, potentially leading to fire or explosion.
It will seriously endanger the lives of passengers and trigger a crisis

* Corresponding authors.

pansion mechanics model of the battery and analyzed the expansion
force and inhomogeneous stress distribution of each component [33].
Yan et al. proposed an evaluation method for series-connected bat-
tery systems based on fault distribution analysis, which can improve
the service life by redundant batteries [34]. Shin et al. proposed a
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Nomenclature

u'P voltages of the 1D model

Ust voltages of the short-circuit model

iP current densities of the 1D model

it current densities of the short-circuit model

B coefficient characterizing the relationship
between the 1D model and the short-circuit
model

q'? heat production rate of the 1D battery
model

qr loading heat rate of the 3D thermal model

TP temperatures of the 1D battery model

T average temperature of the 3D thermal
model

q° reaction heat rate

q joule heat rate

q resistance heat rate from current collectors

q irreversible heat rate

q' overall heat rate of the 3D thermal model

g5 heat production rate of the short-circuit
model

S5t cross section

LN¢ length of anode

LPs length of cathode

N5(1) number of short-circuit parts in parallel

C coefficient related to the geometrical pa-
rameters of the cell

X normalized values

x; original values

min (x; ) minimum values

max (x;) maximum values

x(1) input vector

w;(1) weights in the competitive layer

w, (1) weight of the winning node

a(t) learning rate

d Euclidean distance

hei (1) neighborhood function value

Xxn output value vector

B" bias matrix of neurons

wr weight matrix

L loss function

Vi regression value

y true value

a acceptable deviation threshold

w normal vector

b intercept vector

Fr(x) output of the random forest algorithm

T number of decision trees

D, (x) output of the rth decision tree

w, weight of different decision trees

methodology for modeling vehicle-grade lithium-ion batteries through
vehicle chassis dynamometer testing, and these battery models can be
adopted into electric vehicle models [35]. Yang et al. outlined the
fundamentals of heat generation, accumulation, and transport in bat-
tery systems and highlighted recent key research on material design to
improve the safety of sodium-ion batteries [36]. Zhang et al. proposed
an early warning model based on an intelligent algorithm that can
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reliably identify the abnormal state of electric vehicle charging voltage
and issue timely warnings [37]. Xia et al. used the LS-DYNA finite
element program to establish a three-dimensional model for analyzing
the impact response and fracture of polyurethane-coated aluminum
panels, and discussed in detail the effects of polyurea stiffness, alu-
minum strength, adhesive strength, and polyurethane thickness on the
impact resistance of polyurethane-coated aluminum panels, as well
as analyzing the effects of staggered layout of the battery cells on
mitigating the damage to the batteries [38,39]. Zhang et al. provide
ideas for efficient forward and reverse mechanical safety design and
multi-objective optimization design of battery pack systems using finite
element method and intelligent algorithms [40,41].

Numerous researchers have made significant contributions to the
study of battery degradation and the forecasting of battery SOH through
the application of diverse algorithms [42-47]. Li et al. proposed a novel
Gaussian process regression model based on partial incremental capac-
ity curves, which can provide accurate and robust SOH estimation for
batteries [48]. Xiong et al. realized the accurate voltage estimation for
different battery aging degrees by the advanced time scale separation
algorithm and obtained the accurate estimation of battery capacity and
SOC in real-time [49]. Zhang et al. developed a novel physical feature-
driven battery life prediction method for mobile windows, which can
be used to predict the remaining battery life and knee point, and for
the first time to classify the battery life in real-time [50]. Ying et al.
examined the results of component tests performed on cells at different
temperatures and health states, and the analysis showed that particles
and adhesion had different effects on temperature effects and aging
effects [51]. Park et al. consider battery aging management for electric
vehicle batteries in the charging station operating environment from
the perspective of a charge point operator, and analyze the technical
and economic effects of battery aging management based on partici-
pation in electric service [52]. Barcellona et al. analyzed the variation
rule of internal resistance with temperature and SOC under different
aging conditions. They proposed a mathematical model to predict how
the internal resistance of the battery varies with temperature, SOC, and
aging using the results of the experiments [53].

1.2. Motivation and related work

Early warnings about battery safety are extremely important, and
timely warnings can warn drivers and create more time to escape. On-
going developments in sophisticated algorithms are providing increased
opportunities for the implementation of early warning systems [54,55].
Nevertheless, the challenge lies in implementing early warnings due to
the relatively stable voltage and current signals exhibited by batteries
before a short-circuit event [56,57].

Huang et al. experimentally developed a predictive model for early
detection of battery failure, integrating factors such as exhaust gas
dispersion and thermal runaway. This model enables the anticipation
of critical events in battery operation, including the initial discharge,
thermal runaway occurrence, and gas flow rate, thereby serving as a
valuable tool for preemptive identification of potential battery mal-
functions [58]. Chen et al. conducted a study on the deformation
mechanism of prismatic batteries during thermal runaways and pro-
posed a method for detecting thermal runaways in batteries early by
utilizing mechanical strain data [59]. Jindal et al. developed a compu-
tational model incorporating conjugate heat transfer, electrochemical,
and abusive reaction kinetics to forecast the thermal runaway propa-
gation characteristics of a cylindrical lithium-ion battery module. The
model also establishes a dimensionless threshold for designing a cooling
system to effectively mitigate thermal runaway incidents [60]. Maura
C et al. introduced a novel approach for fault detection in batteries that
does not depend on traditional electrical measurements such as voltage
and current. Instead, their method utilizes ultrasound technology to
directly assess the battery’s condition by analyzing alterations in the
material characteristics of its components. Additionally, the researchers
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Table 1
Comparison of related studies.
Authors Signal category Methods Application scenario

Huang et al. [58]
Chen et al. [59]
Jindal et al. [60]
Maura C et al. [61]
Xu et al. [62]

This work

Gas signal

Strain signal

Electrochemical & heat signals
Ultrasound signal

Electrical & heat signals

Mechanical & electrical & heat signals

Gas sensor to obtain gas pressure

Strain gauges to obtain mechanical strain
Multi-physics field coupling model
Ultrasound device detects ultrasound
Evaluation of accident vehicle signals
Machine learning

Thermal runaway
Thermal runaway
Thermal runaway
Overcharging & failure
Cell failure

Internal short-circuit

established two distinct alert modes aimed at issuing timely notifi-
cations in the event of overcharging or the presence of faults [61].
Xu et al. introduced a safety early warning model for electric vehicle
power battery packs utilizing operational data. The model involves the
extraction of voltage, temperature, internal resistance, and charge data
from accident vehicles over two years. These four factors are utilized for
evaluating the consistency of battery packs, with a focus on analyzing
their variations during vehicle operation and before thermal runaway.
This analysis aims to measure the extent of inconsistency within the
packs and to pinpoint problematic cells through the application of two
distinct evaluation techniques [62]. The comparison of these researches
is presented in Table 1.

1.3. Contributions

Nevertheless, the robustness of the model can be challenged by
using a single signal for predictive warnings. The utilization of multi-
source signals, in conjunction with cloud-based large-scale models, has
the potential to offer effective strategies for the early warning of battery
failure. In this work, a cloud-based framework for battery failure pre-
diction and early warning is presented. The framework consists of three
parts, the first part is a failure mode recognition model for mechanical
abuse of batteries, a self-organizing map-back propagation (SOM-BP)
model that combines supervised and unsupervised learning features is
utilized to identify three failure conditions: bending, compression, and
indentation. The subsequent component involves the implementation
of a prognostic and cautionary framework prior to a short-circuit
event. This is achieved through the utilization of whale optimiza-
tion algorithm-support vector regression (WOA-SVR) and tuna swarm
optimization-support vector regression (TSO-SVR) models to forecast
the remaining duration until mechanical failure and short-circuit oc-
currence. Additionally, these models facilitate the prediction of voltage
and temperature levels at the subsequent sampling time. The third part
is the post-short-circuit prediction model, WOA-SVR, TSO-SVR, and
random forest (RF) model are utilized to predict the temperature of
the battery after short-circuiting and sampling the subsequent current
and voltage under different SOCs, and the features of the three models
are compared. This method enables the deployment of models in cloud-
based systems, facilitating the generation of predictive alerts through
the integration of data from the cloud and the vehicle. This is aimed at
safeguarding occupants in the event of battery mechanical abuse. The
highlights of this work are summarized as follows:

- A novel method for recognizing failure modes was presented by
integrating SOM model and BP model.

- A predict model was developed for the early warning of battery
short-circuit.

- A novel model was provided to accurately forecast the variations
in temperature, current, and voltage of different SOCs following
a short-circuit.

The rest of this work is organized as follows. In Section 2, sources of
data acquisition are described, and the underlying logic of multiphysics
field modeling is presented. In Section 3, a model for recognizing failure
modes was developed by integrating the characteristics of the unsu-
pervised learning clustering model SOM with the supervised learning
model BP. This combined model effectively identifies failure modes

by analyzing mechanical signals. Specifically, the model successfully
distinguishes between three modes — bending, compression, and inden-
tation — based on battery forces, displacements, and force increments.
In Section 4, a model was developed to forecast the time until me-
chanical failure and short-circuit occurrence in a battery, along with
the anticipated voltage and temperature at the subsequent moment.
Two forecasting models, WOA-SVR and TSO-SVR, were developed and
evaluated for precision, with the findings indicating a remarkably high
level of accuracy. In Section 5, a model for predicting battery short
circuit events was developed to accurately forecast the variations in
temperature, current, and voltage for various SOCs following a short
circuit. Here, three prediction models, WOA-SVR, TSO-SVR & RF, are
constructed to perform post-short-circuit prediction, and each model
demonstrates different features. In Section 6, the work was concluded.

2. Cloud-based battery failure prediction and warning framework

In this section, a method for predicting battery failure using cloud-
based data is introduced, along with an explanation of pattern recogni-
tion and the data sources utilized for the predictive warning model.
In situations of mechanical abuse, the battery components sustain
damage, causing the positive and negative materials within the battery
to come into direct contact or connect with the conduction pathway.
This contact results in the generation of current discharge due to the
potential difference, leading to the release of a significant amount
of heat. This phenomenon is commonly referred to as an internal
short-circuit of the battery. The occurrence of a short-circuit within
the battery causes energy to accumulate, which in turn triggers the
breakdown of the internal structure of the battery. This breakdown may
involve processes such as the decomposition of the solid electrolyte
interphase film, reactions within the electrolyte, and decomposition
of the positive electrode material. Ultimately, these events can culmi-
nate in thermal runaway, combustion, and even explosion. Real-time
interaction between cloud data and vehicle-collected signal data can
be used to identify the failure mode of the battery and predict the
short-circuit time, temperature rise after the short-circuit, and voltage
and current changes. The cloud-based security prediction and warning
platform proposed in this paper consists of three components: fail-
ure mode recognition, pre-short-circuit warning, and post-short-circuit
prediction, as shown in Fig. 1.

In the first phase, when the battery pack system collects anomalous
mechanical data, it sends the anomalous data to the cloud platform
and utilizes its large-scale model to identify patterns of mechanical
abuse suffered by the battery. The failure scenarios for the three models
are shown in Table 2. In the second stage, following the identification
of the battery failure mode, the cloud platform leverages the real-
time transmission of mechanical, voltage, and temperature anomaly
data from the vehicle to forecast the voltage and temperature in the
subsequent moment. It also warns about the mechanical failure time of
the battery structure and the short-circuit time of the battery. During
the third phase, in the event of a short circuit, the vehicle transmits
current and voltage data to the cloud, which is then integrated with
the SOC of the vehicle to forecast the battery’s voltage, current, and
temperature for the subsequent moment. This allows for the real-
time prediction and warning of battery failure through cloud-based
technology.
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Platform

o)

Failure mode
Recognition
® Compression

® [ndentation
® Bending

P2~
77

E3

Post-short-circuit
Prediction

B Joltage

B Current

B Temperature

Pre-short-circuit
Warning

@ Voltage + Temperature

@ Mechanical failure time

@ Battery short-circuit time

Fig. 1. The cloud-based security prediction and warning platform.

Table 2
Failure scenarios for the three modes.

Failure mode Failure scenarios

Compression Collision with large flat surfaces (wall, large boxes, etc.)

Bending Medium-sized extrusion deformation (trees, utility poles,
streetlights, etc.)

Indentation Small size structure collision (stone, etc.)

A cloud-based predictive and alert system for battery failure was
developed by acquiring datasets comprising force response, voltage and
current, and temperature. These datasets were sourced from both exper-
imental observations and experimentally validated multi-physics finite
element model simulations [63]. A 2200 mAh capacity commercial
18650 Li-ion battery was selected as the subject of experimental valida-
tion. The anode and cathode materials utilized were LixC6 and LiCoO2,
respectively. The charging and cutoff voltages employed were 4.2 V and
2.5V, respectively. The multiphysics coupling model comprises three
distinct models: a 1D battery model, a short-circuit model, and a 3D
thermal model. The coupling model is established through the exchange
of information between different signals among the three models, as
illustrated in Fig. 2.

1D battery model and short-circuit model interact with information
through the voltage and current density of the cell:

UlD =US! (l)

l-lD =B iSI (2)

where U'? and US' are the voltages of the 1D model and the short-
circuit model, respectively. i'? and 5’ are the current densities of the
1D model and the short-circuit model, respectively. B is the coefficient
characterizing the relationship, the exact value of which can be found
in [64]. 1D battery model and the 3D thermal model utilize heat pro-
duction rate, loading heat rate, temperature, and average temperature
for information transfer:

qlD - qTI (3)

TlD — TTI (4)

where ¢'? and 4¢"' are the heat production rate of the 1D battery
model and the loading heat rate of the 3D thermal model, respectively.
T'P and TT! are the temperatures of the 1D battery model and the
average temperature of the 3D thermal model, respectively [65]. It is
important to highlight that the ¢'? derived from the 1D battery model
analysis is integrated into the 3D thermal model, where the calculation
is performed to determine the temperature T7". This temperature value
is subsequently fed back as input into the 1D battery model. The
coupling between the 1D battery model and the 3D thermal model is
established through the exchange and utilization of these two variables.
q'P consists of four parts, reaction heat rate ¢, joule heat rate ¢/,
resistance heat rate from current collectors ¢", and irreversible heat rate

io

q':
P =¢"+¢ +q +4 5)

The short-circuit model is then coupled to the 3D thermal model
through the heat production rate and the overall heat rate:

qTa — qStSSI(LNg + LP‘Y)NS’(t)/Z =C qSt (6)

where ¢ and ¢5" are the overall heat rate of the 3D thermal model and
the heat production rate of the short-circuit model, respectively. The
coefficient C is related to the geometrical parameters of the cell. Never-
theless, given the intricate nature of the battery’s structure and electro-
chemical processes, this study establishes thermal boundary conditions
as uniform heat generation and isotropic heat transfer throughout to
streamline the model. The simplified model is subsequently validated
through experimentation, with simulation outcomes closely aligning
with test data, thus confirming the model’s validity [64].

Through the interaction of this information, a model of the battery’s
multiphysics field coupling is constructed, which is experimentally
verified for its validity. This multi-physical field coupled model is used
to generate current, voltage, and temperature datasets for batteries
subjected to mechanical abuse at different SOCs. After acquiring the
data, it needs to be first normalized, which is a data preprocessing
technique used to unify the range of values between different features
for better comparison and analysis in machine learning algorithms.
Common data normalization methods include min-max normalization,
Z-score normalization, decimal scaling, and range normalization, in
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Fig. 2. Multi-physics field coupling modeling of batteries.

this work min-max normalization method is utilized which can be
expressed as:
X —min (x
o _mominty) -
max (xk) —min (xk)

where x, and x represent the normalized and original values of the

kth column, respectively, and min(x;) and max (x;) represent the
minimum and maximum values of the kth column, respectively [66].

3. Failure mode recognition

In this section, the SOM-BP model is employed to identify failure
modes. The SOM-BP model integrates the SOM model to address the
limitations of the conventional BP model through the amalgamation of
supervised and unsupervised learning characteristics, thereby offering
notable benefits in the context of classification tasks. SOM represents a
type of unsupervised neural network that diverges from conventional
neural networks in its utilization of a competitive learning strategy
instead of relying on backward transmission and loss function for train-
ing. In this approach, neurons compete with each other to iteratively
optimize the network. A typical SOM model comprises an input layer
and a competitive layer, with neuron nodes organized in a regular
two-dimensional array, diverging from the structure of conventional
feed-forward neural networks. Common configurations include a square
grid or a square-hexagonal grid, with the latter being employed in this
study. Each individual attribute of the input vector is linked to each
neuron node within the competitive layer of the SOM network via
specific weights. There are no direct connections between these neuron
nodes; however, neighboring nodes engage in a neighborhood-like
interaction during the training phase.

Initially, the weights of all neuron nodes are initialized with minute
random values. Subsequently, the degree of correspondence between
different neuron nodes and the input vector is determined using the
Euclidean distance for each input vector:

Ix(@®) = w DI = min{||x() — w;®)l.i € A} ®)

where x(7) is the input vector (displacement, force, and force incre-
ment), w;(t) is the weight of any node i in the competitive layer,
and w,(?) is the weight of the winning node [67]. The neuron node
exhibiting the highest degree of similarity is designated as the winning
node (the best matching unit), through the application of a compe-
tition rule. Subsequently, the nodes encompassed within the winning
neighborhood are identified according to the domain’s radius, and

the magnitude of the update for each node is computed using the
neighborhood function to adjust the weight of the neuron nodes. This
approach is founded on the principle that the proximity of a node to
the winning node corresponds to a greater update magnitude, while
the greater distance from the winning node results in a smaller update
magnitude:

w;(t+1) = w;t) + a(®h,;O)d[x®), w;1)], V; € A 9

where a(?) is the learning rate, d is the Euclidean distance, and A, (t)
is the neighborhood function value between node i and the winning
node ¢ [67]. The neighborhood function is usually chosen as a Gaussian
nearest neighbor function to characterize the relationship between
strength and distance in the neighborhood. Following this method, the
input vectors can be clustered by iterative loops.

The BP neural network also referred to as the backpropagation
neural network, is a widely utilized artificial neural network model.
This supervised learning algorithm is employed to facilitate the training
of neural networks to execute classification and regression tasks. A BP
neural network is comprised of an input layer, a hidden layer, and an
output layer, with interconnections between neurons in adjacent layers.
Through the utilization of the BP algorithm, the network iteratively ad-
justs the connection weights during training to minimize the disparity
between the predicted output and the true output. The BP algorithm
comprises two primary stages: forward propagation and backprop-
agation. During forward propagation, the input data is transmitted
through the network, and the resulting output values are computed.
In backpropagation, the output error is calculated and the connection
weights are adjusted according to the error to minimize the error:

X" = (ZM) = o(W" X" ! + B") (10)
oL
W=W"— g — 11
¢ W an
oL
B"=B"— g —= 12
* 9B 12

where X" and B", respectively, represent the output value vector and
bias matrix of neurons in the hidden or output layer, W" represents the
weight matrix from the competing layer neurons to the hidden layer
neurons or the hidden layer neurons to the output layer neurons. «
and L represent the learning rate and loss function, respectively [68].
The BP neural network is extensively utilized across various domains
such as image recognition, speech recognition, and natural language
processing due to its robust nonlinear fitting capability and adeptness
in handling intricate data patterns, rendering it a prevalent choice in
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practical implementations. Nevertheless, BP neural networks are not
without their challenges and constraints. One such issue is the substan-
tial demand for data and computational resources during the training
process, resulting in prolonged training times. Furthermore, the selec-
tion of network structure and parameters significantly influences the
outcomes and necessitates the expertise of seasoned professionals for
adjustments. Additionally, BP neural networks are susceptible to con-
verging towards local optimal solutions, underscoring the importance
of carefully selecting initial parameters and learning rates to mitigate
this issue.

The SOM-BP model integrates the unsupervised learning function
of self-organizing mapping with the supervised learning function of
backpropagation. In the SOM-BP model, the input data are first clus-
tered and downscaled using the self-organizing mapping algorithm.
The subsequent low-dimensional representations are utilized as inputs
for the back-propagation neural network, which employs the back-
propagation algorithm to conduct supervised learning to adjust the
network weights in classification or regression tasks. The integration of
the SOM-BP model enables the neural network to exhibit characteristics
of both unsupervised and supervised learning, enhancing its capacity
to effectively process intricate data patterns and enhance the model’s
generalization capability. This amalgamation has demonstrated promis-
ing outcomes in various practical contexts, particularly within the
domains of data mining and pattern recognition. The SOM-BP model is
comprised of four distinct layers, namely the input layer, competitive
layer, hidden layer, and output layer. The primary objective of this
model is to leverage the competitive layer of the SOM model as the
input layer of the BP model, to enhance the classification prediction
capabilities of the BP model, and the underlying principle is shown in
Fig. 3.

The force-displacement measurements were obtained for three dif-
ferent conditions: bending, compression, and indentation, with consis-
tent sampling intervals. A total of 600 sets of data were gathered for
each condition. The inputs for the SOM-BP model training included
the force, displacement, and force increment for each condition, in
order to identify and distinguish various failure modes. It is worth
noting that these 1800 sets of data are randomly disrupted and divided
into a training set and a test set according to the ratio of 70% and
30%, respectively. The training dataset is utilized for constructing the

Table 3

Data in three failure modes.
Data label Displacement Force (N) Force Failure mode

(mm) increment
N)

1 0.01 152.67 229.01 Compression
2 0.04 381.68 76.34 Compression
3 0.12 305.34 152.67 Indentation
4 0.48 152.67 152.67 Bending
5 2.10 1984.73 152.67 Indentation
6 2.11 305.34 0.00 Bending
7 2.68 4274.81 76.34 Compression
8 4.72 763.36 152.67 Bending
9 4.89 15267.18 152.67 Compression
10 4.90 15419.85 76.34 Compression
1800 5.90 10916.03 76.34 Indentation

failure pattern recognition model, while the test dataset is employed
for assessing the model’s efficacy. The data are shown in Table 3.
Fig. 4 depicts the clustering effect of the SOM model. Fig. 4a depicts
the neighborhood weight distances for the SOM model, where blue
hexagons indicate neurons and red lines connect neighboring neurons.
The hue within the area encompassing the red line represents the
proximity of neurons. A deeper shade signifies a greater distance, while
a lighter shade signifies a closer distance. Fig. 4b shows the neuron
locations in the topology and indicates how many observations are
associated with each neuron. Fig. 5 plots the weight plane for each
element of the input feature. The diagram illustrates the connections
between each input and neuron, with varying shades representing the
strength of the connections. If the connection patterns of two features
closely resemble each other, it can be inferred that they are highly
correlated. The illustration in Fig. 6 displays the classification outcomes
of the SOM-BP model for both the training and test sets. In this case, the
training set has a recognition correctness of 99.5% and a recognition
error rate of 0.5%, and the test set has a recognition correctness of
99.4% and an error rate of 0.6%. The results indicate that the SOM-
BP model demonstrates a high level of accuracy in identifying failure
modes.
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(b) Number of Sampling Hits

Fig. 4. Clustering results for SOM. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

(a) Weights from Input 1

(a) Weights from Input 2

(¢) Weights from Input 3

Fig. 5. The weight plane for each input.

4. Pre-short-circuit warning

In this section, the SVR-based optimization algorithm is utilized to
provide an early warning of the short-circuit time before the short-
circuit occurs and the time of mechanical failure, as well as a prediction
of the temperature and voltage at the subsequent moment. The support
vector machine (SVM) is a computational algorithm designed for binary
classification tasks, and it presents distinct advantages in the domain
of classification problem-solving. In addressing regression prediction
challenges, SVR is introduced as an extension of the fundamental
concept of SVM. The key differentiation between SVR and SVM resides

in their underlying principles. While SVM is designed to discern a
separating hyperplane that effectively categorizes the training dataset
and maximizes the geometric margin, SVR is oriented towards mini-
mizing the collective deviation of all data points from the hyperplane.
In contrast to SVM’s emphasis on identifying a separating plane for
multiple classes of data points, SVR is focused on a singular class of
data points and endeavors to minimize the overall deviation from the
hyperplane, the principle is shown in Fig. 7.

The conventional regression approach assumes that the prediction
is accurate when the regression value y; exactly matches the true value
v, and its loss is typically determined using the root mean square value
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and other relevant methods. SVR establishes an acceptable deviation
threshold (a) for the dataset, under the condition that the difference
between the actual value (y) and the predicted value (y;) falls within a
specified range. When the deviation exceeds a, the model’s prediction
is deemed inaccurate, and the loss value for out-of-range data points is
subsequently computed. A hyperplane in space can be determined by
the normal vector W and the intercept b with the equation XTW+b = 0.
Hence, the fundamental concept of SVR may be modified to address the
optimal solution of the given equation [69], aiming to minimize the
distance from all sample points to the hyperplane:

min %lel2 s.t. |y,~ - (x"w+ b)| <a 13)
lwll = \/w? + - w? a9

The WOA algorithm is a novel heuristic optimization approach
inspired by the hunting behavior of humpback whales. In this algo-
rithm, the position of each humpback whale corresponds to a viable
solution. Humpback whales employ a unique hunting technique known
as the bubble-net predation strategy in marine environments, and this
behavior can be integrated into the optimization of the SVR [70,71].
Likewise, the TSO algorithm emulates the hunting patterns of tuna

schools, which employ cohesive spirals and communication among in-
dividuals to track and capture their prey. This involves the transmission
of information between adjacent tuna as they trail one another. Ac-
cording to the aforementioned principle, the spiral foraging approach
utilized in SVR can enhance the predictive regression performance of
SVR. Both WOA-SVR and TSO-SVR aim to identify the best solution
by converting the parameter optimization issue of the SVR model
into a multi-dimensional search problem and iteratively adjusting the
parameters by simulating the behavior of a fish population to determine
the optimal model parameters. WOA-SVR and TSO-SVR demonstrate
superior efficacy in addressing intricate regression challenges, particu-
larly when dealing with high-dimensional data and intricate nonlinear
associations. Nevertheless, these algorithms emulate distinct animal
behaviors and search tactics, potentially yielding varying outcomes
across diverse problem domains and data attributes. Consequently,
in real-world scenarios, it is imperative to carefully choose optimiza-
tion algorithms based on the specific problem attributes and data
characteristics to attain optimal optimization outcomes.

In this work, the two models are utilized separately to compare
their accuracy. Sampling at 1s intervals, 90 sets of data were collected,
and the data set was randomized and divided into training set and
test set in the ratio of 80% and 20%, and the collected data are
shown in Table 4. In the construction of the early warning model,
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Table 4
Battery short-circuit pre-warning data.
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Data label Force (N) Voltage (V) Temperature (°C)  Mechanical Short-circuit Next voltage (V)  Next
failure time (s) time (s) temperature
(9]
1 273.9 3.580 18.447 27 58 3.564 18.447
2 219.5 3.580 18.447 46 77 3.580 18.447
3 9.3 3.580 18.835 89 120 3.580 18.835
4 105.8 3.580 18.835 67 98 3.580 18.835
5 65.4 3.580 18.835 75 106 3.580 18.835
6 40.5 3.580 18.835 81 112 3.580 18.835
7 266.1 3.580 18.447 32 63 3.580 18.447
8 239.7 3.580 18.447 41 72 3.580 18.447
9 56.0 3.580 18.835 77 108 3.580 18.835
10 245.9 3.580 18.447 39 70 3.580 18.447
90 213.2 3.580 18.447 47 78 3.580 18.447
Table 5
Accuracy of WOA-SVR prediction model.
Parameters R? MAE MAPE RMSE ME
Mechanical failure time remaining (s) 0.99961 0.43650 0.03819 0.55170 1.38640
Short-circuit time remaining (s) 0.99958 0.46816 0.00759 0.59664 1.12450
Next voltage (V) 0.99932 0.00014 0.00004 0.00017 0.00043
Next temperature (°C) 0.99904 0.00695 0.00037 0.00966 0.02363

the model takes into account the force, voltage, and temperature as
its input parameters. The model then generates outputs in the form
of the remaining time until mechanical failure, the remaining time
until short-circuit occurs, and the anticipated voltage and temperature
at the subsequent moment. Hence, by employing this framework, the
cloud has the capability to anticipate the remaining time to mechanical
failure and short-circuiting when it detects anomalous data from the
vehicle’s battery. Simultaneously, it can also acquire the voltage and
temperature for the subsequent moment, thereby offering timely alerts
to occupants and safeguarding passengers’ safety.

The accuracy of the constructed WOA-SVR model and TSO-SVR and
their comparative plots are shown in Figs. 8 and 9. The precision plot
consists of a combination of two graphs, the box plot and the scatter
plot. The box plot contains the elements perc(25,75), 1.5 Scope within
IQR, Median, and Mean, and the mean value of the model is also
labeled on the plot, with the small ball on the right side as the specific
distribution of the values. The curves represent the distribution of the
data in a normal manner. The analysis of the different components
of the box plot indicates the conformity of the predictive model with
the reference value, thereby indicating the high precision of the WOA-
SVR and TSO-SVR models in forecasting the time remaining until
mechanical failure and short-circuit failure. In the scatter plot, the
black and red spheres symbolize the distribution of the predicted and
reference values, respectively. The close alignment of the centers of the
black and red spheres in the plot demonstrates the high accuracy of the
WOA-SVR and TSO-SVR models in forecasting voltage and temperature
for the subsequent time.

Table 5 lists the specific accuracies of the WOA-SVR prediction
model, whose evaluation parameters consist of coefficient of determina-
tion (R?), mean absolute error (MAE), mean absolute percentage error
(MAPE), root mean square value (RMSE) & maximum absolute error
(ME), and similarly, Table 6 lists the specific accuracies of the TSO-SVR
prediction model. The comparative analysis reveals that the WOA-SVR
model demonstrates a slight edge in predicting battery mechanical
failure time and short circuit time warnings, whereas the TSO-SVR
model excels in forecasting voltage and temperature for the subsequent
moment. It is noteworthy that both models exhibit relatively high accu-
racy in their predictions. The model can be hosted in the cloud, where
it does not have to interact with real-time data from the vehicle. The
cloud can continuously monitor the mechanical status of the battery,
including temperature and voltage, to give advance notice of potential
mechanical issues or battery short-circuits in the vehicle.

5. Post-short-circuit prediction

In this section, the RF algorithm is presented for creating a model
to predict post-short-circuit outcomes, and its precision is evaluated
against the WOA-SVR and TOA-SVR models. The RF algorithm is an
integrated learning method that makes predictions by constructing
multiple decision trees [72]. The fundamental concept behind the RF
algorithm involves creating several decision trees by randomly choos-
ing a portion of the dataset and a portion of the features. These decision
trees’ predictions are then combined to produce more reliable and
precise results, as illustrated in Fig. 10. The RF algorithm constructs
decision trees by randomly selecting subsets of data and features, thus
reducing the risk of overfitting. Predictions from multiple decision
trees are combined using integrated learning, resulting in more stable
and accurate predictions. The concept of integrated learning involves
training several weak models to be combined into a powerful model
that outperforms a single weak model. The RF algorithm is capable
of processing large datasets, it has fast prediction speed, and excels in
both classification and regression tasks, making it widely utilized in
real-world scenarios. It can be applied to diverse datasets and typically
delivers superior prediction outcomes.

To develop an RF prediction model, the initial step involves the
creation of a decision tree, each of which is built by training a random
subset of the dataset. This element of randomness serves to mitigate the
potential for overfitting. Subsequently, during the construction of each
decision tree, RF employs a random selection of features, resulting in
the training of each decision tree based on a distinct subset of features.
This approach serves to enhance the diversity of the model. Ultimately,
when a prediction is required, RF amalgamates the predictions from
each decision tree, typically utilizing voting or averaging to derive the
final prediction. When solving regression prediction problems, there are
usually two algorithms to summarize the prediction results of different
decision trees, the first one is the simple averaging method which can
be described as:

1 &
Fr( =7 ; D, (x) (15)
where F; (x) is the output of the random forest algorithm (temperature,
next current, next voltage), T is the number of decision trees, and D, (x)
is the output of the tth decision tree [72]. The second is the weighted
average method which can be described as:

T
Fr(x)= Y o,D, (x) 16)
=1
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Table 6
Accuracy of TSO-SVR prediction model.
Parameters R? MAE MAPE RMSE ME
Mechanical failure time remaining (s) 0.99899 0.67353 0.02093 0.74285 1.50670
Short-circuit time remaining (s) 0.99906 0.63689 0.00903 0.75911 1.64230
Next voltage (V) 0.99964 0.00012 0.00003 0.00014 0.00036
Next temperature (°C) 0.99934 0.00504 0.00027 0.00733 0.01899
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Fig. 10. Principles of the RF model.

where w, is the weight of different decision trees, the smaller the error
rate the larger the weight of the decision tree, it is worth noting that
ST o, =173

The RF algorithm demonstrates effectiveness in managing extensive
datasets and exhibits high efficiency in both training and prediction
processes. Additionally, it displays resilience in handling missing values
and noisy data and is capable of addressing complex data scenarios.
However, due to the inclusion of parameters such as the number of
decision trees, the maximum depth of each tree, and the feature se-
lection strategy, the algorithm requires tuning through cross-validation
and other techniques. RF is extensively utilized in practical scenarios,
particularly for handling high-dimensional and complex data, and it
often yields superior predictive outcomes. Owing to its integrated
learning attributes, RF can effectively mitigate the risk of overfitting
and exhibits enhanced generalization capabilities in comparison to a
standalone decision tree. Likewise, the data for current, voltage, and
temperature at various SOCs were collected under uniform mechanical
stress conditions, with a sampling frequency of 1 s. It is noteworthy
that 301 sets of data were acquired at SOCs of 0, 0.3, 0.5, 0.7, and
1.0, respectively, as shown in Table 7. The dataset comprising 1505
sets of data is partitioned into training and test sets at an 80% to 20%
ratio. These data are employed to construct prediction models, namely
WOA-SVR, TSO-SVR, and RF, with inputs including SOC, current, and
voltage. These models can be applied to forecast temperature, as well as
predict current and voltage for the subsequent moment. The accuracy
of the constructed WOA-SVR model, TSO-SVR model, RF model, and
their comparative violin plots are shown in Figs. 11, 12 and 13.

The predictive accuracy of each predictive model is compared here
using violin plots, where the inside of the violin is part of the elements

of the box plot, such as perc(25,75), 1.5 Scope within IQR, and Median,
and its outside violin shape characterizes the distribution of the data.
To measure the prediction accuracy of these three models more clearly,
the error functions R?, MAE, MAPE, RMSE, and ME were used to
quantify the accuracy of the three prediction models. The accuracies
of the WOA-SVR, TSO-SVR, and RF models are shown in Tables 8, 9,
and 10, respectively. The comparison indicates that the TSO-SVR model
demonstrates superior accuracy in forecasting temperature and voltage,
whereas the RF model exhibits higher precision in predicting current,
potentially due to its internal mechanism, which involves the collective
impact of multiple decision trees.

Further, the fitted surface plot of SOC versus voltage, current, and
temperature is shown in Fig. 14. The results demonstrate the high risk
of temperature rise and thermal runaway at high SOC, and the need
for more safety measures to avoid fires at high SOC to protect the
lives of passengers. Moreover, the computational costs associated with
the SOM-BP, WOA-SVR, TSO-SVR, and RF models are tabulated, with
the SOM-BP model requiring an identification time of 4.384 s, and
the WOA-SVR, TSO-SVR, and RF models necessitating computational
times of 2.998 s, 4.869 s, and 1.230 s, respectively. It is critical to
note that the computational time of a model is influenced by the
computational power of the device being used. Leveraging the robust
computational capabilities of a high-performance computing platform,
such as a cloud infrastructure, can significantly reduce computation
time, thereby enabling real-time information exchange between the
vehicle and the cloud.

This work utilizes the mechanical, electrical, and thermal signals
of a battery undergoing mechanical abuse to provide a predictive
early warning scheme for battery safety in collaboration with cloud

11
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Table 7
Data after battery short-circuit.
Data label SOC Current (A) Voltage (V) Temperature (°C) Next current (A) Next voltage (V)
1 0 0.126 3.465 0.000 0.126 3.465
2 0.7 1.782 3.822 107.759 1.782 3.822
3 0.5 1.644 3.516 149.425 1.644 3.516
4 0.3 1.075 2.293 86.207 1.069 2.280
5 1 1.218 4.102 53.161 1.391 4.102
6 1 1.885 4.025 117.816 1.885 4.025
7 0 1.011 3.389 37.356 1.011 3.389
8 0.7 1.770 3.796 170.977 1.770 3.796
9 1 1.862 3.975 173.851 1.862 3.975
10 0.5 1.701 3.618 76.149 1.701 3.618
1505 0.5 1.667 3.567 112.069 1.667 3.567
Table 8
Accuracy of WOA-SVR prediction model.
Parameters R? MAE MAPE RMSE ME
Temperature (°C) 0.97799 3.86970 0.07896 6.62560 62.45730
Next current (A) 0.95555 0.01741 0.01785 0.10211 1.59130
Next voltage (V) 0.99794 0.02324 0.00858 0.03376 0.32895
Table 9 Table 10
Accuracy of TSO-SVR prediction model. Accuracy of RF prediction model.
Parameters R? MAE MAPE RMSE ME Parameters R? MAE MAPE RMSE ME
Temperature (°C) 0.98874 3.19340 0.05079 4.81210 23.10290 Temperature (°C) 0.97799 3.86970 0.07896 6.62560 62.45730
Next current (A) 0.95987 0.01655 0.01708 0.09426 1.59350 Next current (A) 0.95555 0.01741 0.01785 0.10211 1.59130
Next voltage (V) 0.99846 0.02297 0.00878 0.03004 0.16560 Next voltage (V) 0.99794 0.02324 0.00858 0.03376 0.32895
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technology. It contributes mainly from three perspectives: failure mode
recognition, pre-short-circuit warning, and post-short-circuit predic-
tion. Upon detecting battery abuse at the vehicle level, the cloud model
can be employed to forecast the time of mechanical failure and short-
circuit occurrence, as well as the subsequent temperature, current,
and voltage levels. This approach aims to ensure the safety of drivers
and passengers, while early warnings afford occupants ample time
to evacuate. However, owing to the restricted data availability, this
study exclusively examines and forecasts the multivariate signal data
within specific operational parameters and SOC. In the future, the col-
lection of multivariate signals across diverse operational conditions is
necessary to enhance the model’s adaptability to a wide range of scenar-
ios, enabling comprehensive prediction and early warning capabilities.
Furthermore, the advancement of more sophisticated algorithms and
expansive models holds the potential for precise battery prediction
and warning systems. However, optimizing the balance between data
volume and model complexity to enhance computational efficiency
remains a key area for future development.

6. Conclusions

In this work, a cloud-based battery mechanical failure mode recog-
nition and early warning model framework was built, which utilizes
multi-source signals to predict battery failure as early as possible, thus
protecting the lives of drivers and passengers. The main conclusions of
this work can be summarized as follows:

(1) A model for recognizing failure modes was developed by inte-
grating the characteristics of the unsupervised learning clustering
model SOM with the supervised learning model BP. This com-
bined model effectively identifies failure modes using mechanical
signals. Specifically, the model successfully distinguishes between
three modes — bending, compression, and indentation — based on
battery forces, displacements, and force increments.

A battery short-circuit prediction and warning model was con-
structed to predict the time remaining to mechanical failure and
the time remaining to short-circuit of the battery, as well as
the voltage and temperature at the subsequent moment. Two
prediction models, WOA-SVR and TSO-SVR, were created and
evaluated for accuracy. The findings indicate a remarkably high
level of precision in the predictions.

A predictive model for battery short-circuit events was developed
to accurately forecast the variations in temperature, current, and
voltage for different SOCs following short-circuit. Here, three pre-
diction models, WOA-SVR, TSO-SVR & RF, are constructed to per-
form post-short-circuit prediction, and each model demonstrates
different features.

2

—

3

14

This method enables the deployment of models in cloud-based
systems, facilitating the generation of predictive alerts through the
integration of data from the cloud and the vehicle. This is aimed at
safeguarding occupants in the event of battery mechanical abuse. In the
future, there will be a requirement to gather and leverage a wider range
of mechanical, electrical, and thermal data to develop more precise
and comprehensive prediction and warning models, thereby enhancing
passengers’ safety.
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