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Abstract: As lithium batteries are widely used in mobile electronic devices and electric
vehicles, accurately assessing the Remaining Useful Life (RUL) of lithium-ion batteries
is crucial to ensure the stable operation of the devices, improve energy efficiency, and
safeguard user safety. Although data-driven methods show good prediction potential
without the need to understand the reaction mechanism inside the battery, they face
the problems of high data demand and feature redundancy that may reduce the model
learning accuracy in practical applications. To this end, this paper proposes a data-
driven lithium-ion battery life prediction method based on residual network (ResNet)
and genetic algorithm (GA) optimization, which is designed to screen the features of the
lithium-ion battery training data in order to effectively reduce the redundant features
and improve the prediction performance of the model. Fourteen health features were
first extracted during the charging and discharging phases of the battery. In order to
reduce the usage of the dataset, only the first 100 cycles of the battery data were used,
and the prediction error was about 9%. Secondly, the deep feature extraction capability
of ResNet is utilized to effectively capture the complex patterns and subtle changes
during battery decline to alleviate the problem of gradient disappearance. Meanwhile,
in order to reduce the influence of redundant information, GA is used for health feature
selection and optimization to screen out the most representative health features and
enhance the generalization ability of the model. The experimental results obtained using
the test set provided by the Massachusetts Institute of Technology (MIT), demonstrated
the effectiveness and superiority of the proposed method.

Keywords: lithium-ion battery; data-driven; ResNet-GA; remaining lifetime

1. Introduction

In the context of the new energy era, lithium-ion batteries have become a prevalent
component of energy-storage devices, playing a pivotal role in domains such as urban
transportation and smart grids. These batteries offer several advantages including pro-
longed cycle life, enhanced safety measures, and high energy density [1,2]. However, it is
important to note that the battery capacity undergoes an irreversible decline during opera-
tion. Especially at the end of the battery’s service life, continued use will lead to excessive
battery aging [3], raising potential safety issues. Consequently, an accurate estimation of
the Remaining Useful Life of lithium batteries is imperative to ensure the safety of power
users and equipment.

The residual lifetime of a battery cannot be measured directly; instead, state estimation
can only be performed indirectly through the mapping relationship between the variation
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in internal battery parameters and parameters such as current, voltage, and temperature.
Commonly used state estimation methods can be categorized into two types: model-
based methods and data-driven methods [4]. Model-based methods primarily employ
Kalman filtering, particle filtering, and their variants to update the parameters of the aging
model [5,6] for RUL prediction. The accurate modeling of the electrochemical degradation
characteristics of batteries poses a significant challenge due to the complex physical and
chemical changes occurring during the charging and discharging process, compounded by
noise interference from the external environment.

Data-driven methods provide a viable solution that eliminates the need for complex
mechanistic studies and utilizes extensive datasets to extract implicit battery state informa-
tion to facilitate RUL prediction. Common data-driven methods include Support Vector
Machines (SVMs), Relevant Vector Machines (RVMs), Artificial Neural Networks (ANNSs),
and deep learning methods such as Recurrent Neural Networks (RNNs) and Deep Neural
Networks (DNNs).

The SVM model is simple, less computationally intensive, and faster to train but
cannot handle large amounts of data, Shu et al. [7] proposed a generalized SOH estimation
framework by using least squares support vector machine.

ANN has strong nonlinear learning ability [8], but the network structure is complex
and computationally inefficient, Zhang et al. [9] proposed a method to combine partial
incremental capacity with ANN to estimate battery SOH and predict RUL online under
constant current discharge conditions, which has good generalization ability and high
prediction accuracy.

RNN in deep learning methods can effectively deal with time series data, but there are
problems such as gradient vanishing and high computational complexity, Ansari et al. [10]
increased the input data dimension of the RNN algorithm and used a dataset consisting of
voltage, current, and temperature of each cycle to predict RUL.

On the other hand, DNN performs well in handling nonlinear and high-dimensional
data but tends to fall into local optima. Khumprom et al. [11] used DNN to predict the
health status and remaining lifetime of batteries and compared their prediction results
with other machine learning algorithms and outperformed these traditional machine
learning algorithms in terms of prediction accuracy. But it cannot provide uncertainty in
the prediction results.

In order to overcome the limitations of a single approach, some studies have used
a fusion approach with an optimization strategy. Wang et al. utilized support vector
regression (SVR) to predict RUL and concurrently employed an artificial bee colony to
optimize the SVR kernel parameters. However, the kernel function and loss function of
the SVR algorithm are typically challenging to ascertain [12]. Xue et al. established a
biexponential state-space model for lithium battery degradation, introduced an adaptive
trace-free Kalman filter algorithm to adaptively update the process noise covariance and
observation noise covariance, and used a genetic algorithm to optimize the key parameters
of the support vector machine to achieve multistep prediction [13]. SVR in conjunction with
particle systems as a measurement equation allows for forward-looking predictions [14].
Furthermore, SVR can be used as an enhancement tool to improve the prediction accuracy
of BILSTM-AM models [15]. However, integrating the model and data-driven methods
has the problems of high computational volume, numerous parameters, and poor model
generalization ability.

Based on existing research, this study proposes a method for estimating the Remaining
Useful Life of lithium-ion batteries based on the ResNet-GA-MLR fusion model, which
significantly improves the prediction accuracy and model applicability by integrating the
advantages of the residual network, genetic algorithm and multiple linear regression (MLR).
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The method first extracts 14 types of multidimensional health features, such as voltage,
current, capacity, etc., from the battery charging and discharging process, which breaks
through the traditional limitation of relying on a single indicator, and only needs the data
of the first 100 cycles to realize a prediction error of about 9%, which dramatically reduces
the data requirement. In the core framework, ResNet captures the complex patterns and
microscopic changes in battery degradation through the residual connection structure,
effectively mitigating the problem of gradient disappearance, while GA dynamically re-
moves redundant information and optimizes the parameter combinations in the feature
selection stage, enhancing the model generalization capability. Compared with traditional
methods, this model has multiple advantages: (1) compared with SVM, its deep feature
extraction capability is more adaptable to the nonlinear pattern of battery degradation;
(2) compared with ANN, it reduces the complexity of manual parameter tuning through
automatic feature selection; (3) for the characteristics of non-time-series data, it utilizes
feature optimization to make up for the deficiencies of the RNN in terms of gradient
disappearance and computational efficiency; (4) compared with DNN, it introduces the
residual connection structure to reduce the complex patterns and microscopic changes in
battery degradation. The risk of local optimization is avoided. Experimental validation
shows that ResNet-GA-MLR can still maintain high accuracy and strong robustness in
small sample scenarios.

2. Data Analysis
2.1. Dataset

In this paper, 40 sets of battery data were extracted from MIT’s battery dataset for
the study. The dataset contains 124 full-life-cycle battery datasets using 72 different rapid
charge/discharge techniques to reduce the battery capacity to 80% of its rated capacity.
The dataset is based on a commercial lithium iron phosphate/graphite battery (A123
system, model APR18650M1A, rated capacity 1.1 Ah), which was subjected to cyclic
charge/discharge experiments using different fast-charging conditions at 30 °C. The cycle
life information was obtained by varying the charging and discharging multipliers, and the
cycle life ranged from 150 to 2300 cycles.

2.2. Health Feature Extraction

The selection of health features has been demonstrated to have a significant impact
on the prediction accuracy of the data models [16]. In this study, a series of physical
and chemical battery properties were selected as health features based on battery exper-
tise. Figure 1 shows the linear relationship between capacity (discharge) and number of
charge/discharge cycles for the same battery type under different charging strategies. It
is evident from the figure that the battery capacity exhibits a nonlinear decline with an
increase in the number of cycles. Furthermore, the curves demonstrate local fluctuations
and capacity regeneration characteristics, which significantly affect RUL estimation of RUL.
Therefore, in this paper, 14 health characteristics related to battery cycle life are selected for
battery RUL estimation based on specialized knowledge.

The 14 health characteristics can be categorized into five groups:

e  Group 1: Discharge capacity is a capacity indicator reflecting the capacity of the
battery, and the change in the battery capacity in different cycle stages has reference
significance for predicting the battery life. In this study, the discharge capacity in
the second cycle was designated as health characteristic 1, the discharge capacity of
the 50th cycle was used as health characteristic 2, and the discharge capacity in the
one-hundredth cycle was designated as health characteristic 3. The variation in battery
capacity is a significant indicator of a battery’s health status, and the discrepancy in
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Battery capacity[Ah]

battery capacity may be indicative of battery degradation. Thus, this study selected the
variation in battery capacity from the 98th to the 100th cycle as health characteristic 4.
Group 2: Based on the feature of a gradual decrease in charging time in repeated
charge/discharge cycles of the battery, the change in average charging time reflects the
change in physical and chemical performance of the battery, which can be used as a
health characteristic to express the performance status of the battery. In this study, the
average charging time from the second to the sixth cycle is designated as health feature
5, The average charging time from the 94th to the 100th cycle was used as the health
characteristic 6, and the average charging time from the second to the hundredth cycle
is designated as health feature 7.

Group 3: As the number of charge/discharge cycles increases, the internal resistance
of the battery will continue to increase. This change in resistance is a pivotal metric
for gauging a battery’s health status. In this study, the minimum internal resistance
from the 2nd to 100th cycles was employed as the health feature 8; the difference in
internal resistance from the 2nd to 100th cycles was utilized as the health feature 9,
and the maximum internal resistance from the 2nd to 100th cycles was designated as
the health feature 10.

Group 4: As illustrated in Figure 2, it can be seen that the discharge capacity and
voltage of the battery gradually shift with the increase in the number of cycles, and
this shift tends to increase with the increase in the number of cycles. To describe this
trend, the variance of the offset between the 100th cycle curve and the 10th cycle curve
and the minimum value of the offset were selected as health features 11 and 12 in
this study.

Group 5: Figure 3 shows the trend curve of the change in battery discharge capacity
with the number of discharge cycles during the first 100 cycles. The orange circle
denotes the slope of the fitting result of this trend curve, and it can be deduced that the
change in slope can roughly reflect the changing trend of the discharge capacity with
the number of cycles. Consequently, in this study, the slope and intercept of the trend
of the battery discharge capacity change were designated as health characteristics 13
and 14, respectively.

Battery life predictions
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Figure 1. Trend of battery capacity with increasing number of cycle charging under different charging
strategies.
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Figure 2. Curve of discharging capacity and voltage of battery with the number of cycles.
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Figure 3. Trend of discharge capacity of battery 4 with cycling factor.

3. Experimental Methods

As previously referenced, 14 sets of features were collectively identified through data
analysis and expert consensus. However, in practice, the number of features employed
in the training of a machine-learning model is not as high as it should be. Typically,
augmenting the number of features can enhance the performance of a machine-learning
model and improve the accuracy of the model’s fit to the data. However, it should be
noted that an increase in the number of features can lead to an increase in the training
complexity of the model and computational burden. Furthermore, the introduction of
features that are irrelevant to the problem (i.e., noise) and redundant information may
reduce the predictive performance of the model. Consequently, it can be concluded that
preprocessing and feature selection of raw data can help to reduce computational cost,
decrease model complexity, and improve the generalization ability and prediction accuracy
of machine learning models.

In this paper, an integrated machine learning approach for battery life prediction is
used with the aim of leveraging the strengths of different algorithms to achieve end-to-end
optimization from data processing to prediction. A residual network is utilized to extract
deep features from preprocessed data [17]. Residual networks effectively mitigate the
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gradient vanishing problem in deep networks by introducing residual connectivity, which
enables them to learn the complex features in the data in a deeper way and capture the
key implicit information in the battery life prediction, thus possessing a powerful deep
feature extraction capability. To further improve the model performance, genetic algorithm
is used to select the extracted features. By simulating the natural selection and genetic
mechanism, the genetic algorithm has a powerful global search capability [18], which
can efficiently find the optimal solution in the huge feature space, screen out the subset
of features that contribute the most to the model performance, effectively remove the
redundant information, and improve the generalization capability and prediction accuracy
of the model. as shown in Figure 4.

Data No update
preprocessing
Genetic
ResNet Qldcuiie Whgther Regression Loss function
select the optimal et
extracts deep : A model optimisation
optimal adaptation is o
features Output\  training model
subset of met :
optimal
features !

subset

Output prediction

results

Figure 4. Machine learning flowchart.

3.1. Extract Features

In this paper, a deep feature extraction method based on the residual network is
proposed [19], aiming to extract representative features from the complex charge/discharge
data of lithium-ion batteries in order to achieve an accurate prediction of the battery’s
Remaining Useful Life. The method designs an improved residual block centered on the use
of a LeakyReLU activation function and an adaptive mean pooling layer. The LeakyReLU
activation function allows negative values to pass through, which effectively mitigates
the problem of gradient vanishing brought by the traditional ReLU activation function,
and thus accelerates the model training process. On the other hand, the adaptive average
pooling layer reduces the spatial dimension of the feature map to 1 x 1, converts it into a
fixed-length feature vector, and prepares it for subsequent processing of the fully connected
layer. Each residual block first extracts the local features of the battery data through
two 3 x 3 convolutional layers and then passes the input information directly to the output
through cross-layer connections, further alleviating the problem of gradient vanishing in
deep networks. In addition, a batch normalization layer is introduced in each residual block
to normalize the convolutional outputs, thereby accelerating training and improving model
stability, while the dropout technique is utilized to randomly discard neurons, thereby
preventing the model from overfitting and enhancing its generalization capability. To
further enhance the robustness of the features, a shallow network (Shallownet) containing
a convolutional layer, an ELU activation function, and a dropout layer were employed for
the initial feature extraction prior to the first residual block. The extracted local features
are then projected and transformed into dimensions using a feature-projection layer. A
shrinkage network is then introduced in each residual block to perform absolute value
computation, scaling, and soft thresholding operations on the features to remove the effects
of noise and outliers [20]. Finally, a deep ResNet architecture containing three of the above
residual blocks and a fully connected layer is constructed to extract high-level deep features
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from the battery charge/discharge data, which provides a reliable database for subsequent
RUL prediction. A flowchart of the algorithm is presented in Figure 5.

convolutional batch

layer normalisation

LeakyRelLU

activation

Residual blocks Adaptive Mean full connectivity
(multi-layer) Pooling layer

A

A

_ Output depth
Jjump

. features
connection

Figure 5. Flowchart of the residual network.

3.2. Extract Feature Subsets

To enhance the efficacy of the model, this study employs a genetic algorithm to select
the deep features extracted from the residual network to identify the subset of features
that contribute most to battery life prediction [21]. The fundamental principle of the
genetic algorithm is to simulate natural selection and genetic mechanisms to identify
the subset of features that contribute most to the target problem through an iterative
evolutionary process.

3.2.1. Genetic Design

The genetic algorithm randomly generates N chromosomes, each represented by a
gene sequence, similar to the structure of a biological chromosome, by simulating natu-
ral selection and genetic mechanisms. Each gene sequence consisted of 14 alleles, with
each allele representing a healthy trait. A value of 0 indicates that the health trait is not
selected, whereas a value of 1 indicates that the health trait is selected; the structure of the
chromosomes is shown in Table 1.

Table 1. Chromosome structure.

Dimension

1

4 5 6 7 8 9 10 11 12 13 14

X

0 1 1 0 1 1 0 0 1 1 0 1

The genes of each chromosome represent a set of feature selection schemes, and if
n alleles are activated (i.e., have a value of 1) in the gene sequence, it means that the
chromosome selects n health features for use in training the model.

3.2.2. Calculation of Adaptation

In genetic algorithms, the Fitness Function is a key metric for evaluating the merit of
each chromosome (i.e., a subset of features). It directly determines which chromosomes are
more likely to be selected for crossover and mutation, thus affecting the convergence speed
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and the final results of the algorithm. To ensure that the Fitness Function accurately reflects
the impact of feature subsets on model performance, the Fitness Function designed in this
study is shown in Equation (1).

A
, Ly i —yil
Min Err = ;Ea BT x 100 (1)
where 7; is the predicted lifetime of the ith cell and y; is the true lifetime of the ith cell.
where Err is the error percentage of the proposed model.

3.2.3. Generation of Children

Each chromosome in the population was evaluated based on the Fitness Function,
and individuals in the population were selected for single-point crossover and mutation
operations using roulette wheel selection to select parents according to the size of their
fitness values. During this time a position-by-position mutation was used to generate a
new offspring to maintain the diversity and evolutionary capacity of the population. The
selection, crossover, and mutation operations are repeated over several iterations until a
predetermined number of iterations is reached or a termination condition is satisfied, and
the chromosomes with the highest fitness are selected as the optimal feature subset [22].
This method has the advantages of a strong global search ability, high parallelism, good
scalability, and robustness, which can effectively improve the generalization ability and
prediction accuracy of the model and provide more reliable feature support for battery life
prediction (see Figure 6 for the flow chart).

Initialising
populations

No
Y ' Output subset of
paapaton| | Secton, | et | | e
assessment : (optimal combination
mutation met Ve of features

fitness

function

probabilistic | [ single-point position-by-position
choice crossover variation

Figure 6. Flowchart of genetic algorithm.

3.3. Regression Model

The regression model utilized in this study is a multiple linear regression model
that is employed to predict battery life. The multiple linear regression model assumes a
linear relationship between the target variable (battery life) and the multiple characteristic
variables. This relationship is shown in Equation (2).

9 =o' x; 2)

where 7; is the predicted lifetime of the ith cell, x; is the p-feature of the ith cell, and @ is
the p-dimensional coefficient vector of the model.
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The training process of the linear regression model is to solve for the optimal weight
vector @ by minimizing the loss function. The main loss function used in this study is the
mean square error (MSE), which is given in Equation (3).

j Q— A
MSE = Y (i — 32 @)

Meanwhile, to enhance the robustness of the model, this paper also introduces the
mean absolute error (MAE) and Huber’s loss as auxiliary loss functions, as illustrated in
Equations (4) and (5).

1 A
MAE = =377 lyi — ¥l (4)
3 (yi — 9i)* forly; — 9;| <6

Huber
5(\% -0l - %5) otherwise

)
where 7 is the number of samples, y; is the predicted battery life of the ith sample, and 7; is
the predicted battery life of the ith sample. 6 is the hyperparameter.

3.4. Model Training

The deep features extracted from ResNet were selected using a genetic algorithm
to filter the subset of features that contributed the most to RUL prediction. The filtered
features are then input into a linear regression model for training. The 40 sets of battery
data are divided into two parts: D1 is used to train the model, and D2 is used to test the
quality of the gene individuals. The evaluation process is shown in Figure 7. The error of a
gene can be characterized by its fitness if n healthy features are selected, and subsequent
training of the machine learning model on the health features selected by gene X in the
population of Table 1, the data of D2 are substituted into Equations (3)—(5) to test the error.
This error was combined with the MSE, MAE, and Huber loss to improve the robustness
and accuracy of the model.

Battery data

Screening
D1 characteristics Training model fralmadel
(14x19) deep features based on GA based on D1
(nx19)
A
D2 Test model error
(14x21)

Figure 7. Flowchart of training model.

4. Experimental Verification

This section presents a study that utilized a portion of an experimental dataset of
lithium-ion batteries from the Massachusetts Institute of Technology. The study employed
a decrease in battery capacity to 80% of its initial capacity as the criterion for the conclusion
of battery life and the number of cycles the battery underwent as a measure of its longevity.
Lithium-ion batteries are known for their long lifespan, a characteristic that brings many
application advantages but also leads to high time and economic costs when performing
life testing on them. To effectively address this challenge and to validate the effectiveness of
the prediction methodology proposed in the preceding section, this section will exclusively
analyze the characteristic parameters of each cell during the initial 100 discharge cycles.
Through in-depth analysis of these early cycling data, we aim to build a reliable prediction
model to assess and predict the remaining lifetime of lithium-ion batteries as early as
possible, in order to optimize their use and maintenance strategies while ensuring battery
performance and safety.
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4.1. Parameter Setting

To extract features from the dataset based on the residual network, the selected param-
eter settings were as follows:

Number of input channels: 1;
Number of output channels: 1;
Number of residual blocks: 3;
Learning rate: 0.0005;
Optimizer: AdamW;

Weight decay: 0.00012.

SANRCLN

The features of the dataset were screened using a genetic algorithm, and the selected
parameters were set as follows:

Population size: 15;
Chromosome length: 14;
Number of iterations: 30;
Mutation rate: 0.1;
Crossover probability: 0.8;
D1 Data capacity: 14 x 19;
D2 Data capacity: 14 x 21.

N o N

4.2. Experimental Results

To validate the effectiveness of the proposed method, we used all 40 test sets for
validation, labeling the data for which the model was trained by feature selection as Q1 and
the results of the real data as Q. In the figure, the horizontal coordinate is the real battery
life of the test set, and the vertical coordinate is the battery life predicted by the model after
feature selection. The black straight line denotes the baseline, and the proximity of the blue
circle to this baseline is indicative of enhanced prediction accuracy. The feature selection
training process yields model predictions, as illustrated in Figure 8.

Prediction vs Actual
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£ 1500- :
5 e
. Py -
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2 1000 1 . “e
=
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Actual remaining life

Figure 8. Feature selection model predictions.
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4.3. Ablation Experiments

In order to further verify the superiority of the method, the data that have been used
in training to obtain the model only by residual network is labeled as Q2, and label the
data for which the model was obtained by training with features extracted by a genetic
algorithm without selecting a subset of features as Q3. The results predicted by SVR are
labeled as Q4. To ensure the fairness of the comparison experiments, all the models were
trained using the 14 features proposed in this study, and the final results are shown in
Figures 9-11. Compared to the results in Figure 8, the deviation of these models from the
baseline is larger, further demonstrating the superiority of the present method.

The experimental results of testing all 40 sets of batteries under different methods are
recorded in Table 2, where Q1 represents the experimental results using the feature selection
strategy, Q2 represents the experimental results after the residual network feature selection
strategy only, and Q3 represents the experimental results after extracting the features by the
genetic algorithm without selecting the feature subset, Q4 is the experimental results of the
SVR model, and Q is the real lithium-ion battery life. The findings demonstrate that the data-
driven battery life prediction strategy based on the data achieves favorable experimental
outcomes, with a prediction accuracy of over 75% when utilizing only the feature data of
the initial hundred cycles. Furthermore, the experimental results demonstrate that the error
of the feature selection strategy was consistently reduced, with an overall experimental
error of 8.97%, which is a marked improvement over the data obtained without the feature
selection method. This outcome substantiates the efficacy of the proposed approach. With
the same data and feature training, the prediction error of the feature subset selection
strategy without genetic algorithm extraction is 14.2%, and the prediction method with
only residual network training achieves a prediction error of 24.1%, and the prediction
error of the SVR model is 18.1%, which is significantly worse than the method proposed
in this paper. In addition, the literature used a regression setup and obtained a prediction
error of 9.1% using only the first 100 cycles. A comparison of the results presented in
Table 2 with those reported in the literature [23] further substantiates the superiority of the

proposed methodology.
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Figure 9. Residual network training model.
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Table 2. Comparison of experimental results.

Battery Number Q1 Forecast Q2 Forecast Q3 Forecast Q4 Forecast Real Results Q
1 1041.6 905.5 1076.8 869.9 1009
2 1057.5 909.8 1225.0 805.1 1063
3 890.5 1041.7 893.0 794.3 1115
4 1016.1 1070.9 1273.0 734.3 1048
5 839.6 794.7 1002.1 782.8 828
6 658.3 §91.1 671.2 710.5 667
7 1323.4 806.5 1422.7 933.0 1836
8 904.0 799.3 1047.3 851.3 828
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Table 2. Cont.

Battery Number Q1 Forecast Q2 Forecast Q3 Forecast Q4 Forecast Real Results Q
9 867.9 1029.5 1019.2 912.6 1039
10 1186.6 486.0 1332.9 864.3 1078
11 776.3 680.6 871.8 8474 817
12 867.5 983.3 985.6 924.9 932
13 901.5 799.5 1106.3 832.0 816
14 901.2 845.9 707.9 843.1 858
15 922.6 758.6 871.1 842.4 876
16 1460.4 902.4 1498.7 872.0 1638
17 1207.4 854.0 1427.1 845.0 1315
18 1071.6 837.8 12171 772.6 1146
19 1057.6 853.2 1276.3 863.4 1155
20 879.0 800.5 843.6 846.8 813
21 809.6 856.0 939.7 708.8 772
22 802.8 931.5 860.9 7934 1002
23 787.8 850.3 906.5 785.4 825
24 873.7 990.0 979.9 868.6 989
25 1045.1 640.6 1142.8 791.8 1028
26 879.3 1064.1 855.7 788.4 850
27 553.6 819.1 639.1 707.8 541
28 856.3 824.6 887.1 776.3 858
29 939.3 903.4 1102.0 928.5 935
30 736.4 720.4 799.0 826.2 731
31 1106.4 821.0 1158.9 849.5 1284
32 1070.1 809.2 1099.9 840.7 1158
33 1029.0 1018.6 1176.6 855.3 1093
34 983.2 717.7 13194 806.1 923
35 1220.0 1009.1 1375.1 1035.3 1935
36 1084.5 666.5 1143.7 794.6 1156
37 1015.2 914.7 1198.4 856.2 796
38 861.3 790.8 940.1 643.2 786
39 961.5 929.4 1116.2 954.8 940
40 1356.4 10164 1555.6 1006.9 1801

inaccuracies (%) 8.97% 24.1% 14.2% 18.1%

5. Conclusions

In this paper, a data-driven lithium-ion battery life research method based on a linear
regression model and 14 health features is proposed, and a feature selection strategy of
residual network and genetic algorithm is introduced to further improve the prediction
accuracy of the model. The experimental results of 40 sets of test sets show that the accuracy
of the method in this paper reaches 91.03% when only the data of the first 100 charging
cycles are used. In order to further verify the superiority of the proposed estimation method,
under the same data and feature training, the proposed estimation model is compared
with the prediction method trained by ResNet only, the prediction method not trained by
genetic algorithm to extract the feature subset, and the SVR prediction method, and it is
verified that the proposed estimation model has higher accuracy.

The ResNet + GA method proposed in this paper demonstrates high prediction accu-
racy and robustness in RUL prediction for lithium-ion batteries. Nevertheless, in practical
applications, online real-time monitoring of lithium-ion batteries remains challenging,
primarily due to the following factors:

1. Real-time monitoring necessitates high-performance sensors and data acquisi-
tion equipment, which increases the hardware cost. Additionally, the ResNet
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model is complex and requires substantial computational resources for online real-
time computation.

2. The research is based on laboratory validation and has not yet been put into applica-
tion. In order to achieve the industrialization of the method, it is necessary to obtain
a large amount of battery data in real scenarios while reducing the hardware and
computational costs. If the method is to be integrated into existing battery manage-
ment systems or electronic devices, software and hardware compatibility issues must
be addressed.

In order to develop more robust models, a Deep Residual Shrinkage Network (DRSN)
is recommended to suppress data noise by shrinkage mapping and adaptive thresholding.
Meanwhile, Deep Reinforcement Learning (DRL) can be employed to dynamically adjust
the hyperparameters or structure of ResNet to adapt to different battery data features. In
addition, redundant neurons can be pruned through a resource-oriented mechanism to
streamline the number of model parameters and reduce the computational cost. However,
how to achieve the optimal adaptation of arithmetic power consumption and prediction
accuracy is also an issue to be considered.
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