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ABSTRACT. Lithium-ion batteries are widely used in many fields because of their excellent
performance, but in the long-term use process, lithium-ion batteries are facing problems
such as capacity decline, which affects the performance of the equipment. Therefore,
accurate prediction of battery health is an urgent problem to be solved. In this paper, a
hybrid neural network model is constructed by combining temporal convolutional network
(TCN) and Transformer. A lithium-ion battery state of health (SOH) prediction method
combining XGBoost, T-SNE and TCN-Transformer was proposed. This paper collected
nine lithium-ion battery health indicators (HI), and screened the importance of health
indicators through XGBoost. T-SNE is used to reduce the dimension of the features,
and the fused health indicators are input into the TCN-Transformer network to predict
the SOH of lithium-ion batteries. The proposed method is validated using the NASA
battery dataset, and compared with the LSTM model, GRU model, and RNN model.
The experimental results show that the TCN-Transformer model can predict the SOH of
lithium-ion batteries more accurately, and has good robustness and generalization.
Keywords: Lithium-ion battery, State of health, XGBoost, Temporal convolutional
network, Transformer

1. Introduction. With the ongoing advancement and creation of novel energy technolo-
gies, the manufacturing technology of lithium-ion batteries continues to mature. Lithium-
ion batteries are extensively utilized in transportation, aviation, electronic products, pow-
er grid energy storage and other fields because of their high voltage, high energy density;,
excellent recyclability, and great safety. To ensure lithium-ion batteries function as intend-
ed, battery management technology is urged to monitor lithium-ion battery condition and
enhance the safety and dependability of the battery system when it is operating [1, 2.
With the increase of the use time of lithium-ion batteries, the batteries’ internal resistance
will rise, its capacity will decrease, and a constant loss of lithium ions will result from the
intricate electrochemical process within the battery. It affects the work of the equipment
and even endangers the safety of human life [3]. As a result, understanding the SOH of
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lithium-ion batteries may assist lower the cost of equipment maintenance and increase
system operating stability.

The two main methods presently utilized to predict the SOH of lithium-ion batteries
are model-based and data-driven methods [4, 5, 6]. Model-based methods generally study
the internal electrochemical principles of batteries, establish battery degradation models,
and estimate SOH by parameter estimation of the models [7, 8]. In [9], electrochemi-
cal impedance spectroscopy (EIS) measurements are used to estimate SOH. In [10], the
electrolyte polarization and aging mechanism (FOMeA) was taken into account using a
fractional-order model. The link between the cycle number and the aging parameters is
established by modeling the creation of the solid electrolyte interphase (SEI) layer and the
side reactions of lithium plating, which cause battery aging. The model-based approach
necessitates a deep understanding of physical chemistry, comprehension of the battery’s
internal reaction mechanism, precise description of the internal reaction’s mathematical
equations, and the creation of effective simulation models — all of which could be chal-
lenging in real-world scenarios [11]. Furthermore, the model-based method’s capacity for
generalization is weak.

In order to avoid complex battery modeling and make better use of the aging informa-
tion of battery cells, data-driven approaches are increasingly being adopted. Examples
include extreme learning machine (ELM) [12], support vector machine (SVR) [13], Gauss-
ian process regression (GPR) [14, 15], and hybrid network model [16, 17]. The data-driven
method maps the link between characteristics and predictions by treating the battery as
a “black box”, focusing solely on the data itself. In [18], it was suggested to use a battery
SOH prediction model based on BP neural networks and incremental capacity analysis.
By using the least squares approach, the mapping connection between temperature and
the IC curve was established, and SOH prediction models at various temperatures were
produced. By updating the feature data, the model is calibrated online in real time and
the forecast accuracy is guaranteed. In [19], a fusion prediction model for SOH estimation
combining CEMMDAN and gate recursive unit (GRU) is proposed. This method uses
GRU network and ARIMA model respectively to predict decomposed local fluctuations
and global degradation trends. In [20], an SOH prediction method based on CNN-BiLL.STM
and attention mechanism was proposed. The convolutional neural network (CNN) [21]
was used to extract the features and reduce the dimensionality of the input factors of the
model, which were input into the BiLSTM to learn the time correlation information of
the input time series. The attention mechanism is introduced to strengthen the more im-
portant features in the input sequence. Graph neural networks (GNN) were introduced in
[22] for battery SOH prediction. First, the time features were extracted by CNN and long
short-term memory (LSTM) neural network. Spatial features are then obtained through
graph sample aggregation (GraphSAGE) to propagate information on predefined graph
structures, revealing deep information between HIs.

Compared to CNN, TCN has a stronger ability to capture long-term dependencies
on data, and compared to traditional models such as LSTM and RNN, Transformer’s
self-attention mechanism allows the model to capture the dependencies between any two
locations when processing sequence data. So, inspired by previous work, this study sug-
gests a TCN-Transformer based SOH prediction model. By integrating the benefits of
Transformer and TCN networks, the battery SOH will be predicted following the feature
engineering treatment of health indicators. Compared with the traditional time series pre-
diction model, the prediction performance of this strategy is improved. The following are
this paper’s primary contributions.

1) In order to reduce the redundancy of HIs, XGBoost was used to screen the health
indicators, and T-SNE was used to reduce the dimension of the screened health indicators.
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2) Use the advantages of TCN to learn the location and time information implied by
HIs, and maintain the flow of location information between the post-sequence layers.
The decoder module of Transformer model is used to learn the multi-dimensional feature
information of data.

3) We can determine that the TCN-Transformer model’s prediction effect is superior to
the baseline model’s by comparing its outcomes with each baseline model. This indicates
the suggested method’s rationality.

The structure of this article is as follows. In Section 2, the HI employed in this work is
analyzed and the dataset used is described. Section 3 introduces the relevant algorithms
used in this paper and explains the model’s construction in this article. Section 4 compares
the proposed model with the traditional model, and verifies the proposed method through
experiments. Finally, we summarize the proposed methods in Section 5.

2. Extraction and Analysis of Battery Health Indicators. With the continuous
aging of the battery, its charging and discharging process will undergo some obvious
changes. In this section, the dataset used in this paper is introduced, and the key features
are extracted as health indicators reflecting the degree of battery aging [23].

2.1. NASA dataset introduction. The publicly available lithium-ion battery cycle
aging dataset provided by NASA was used in this study. The dataset was charged and
discharged at 24°C on four type 18650 lithium phosphate batteries numbered B0005,
B0006, B0O007 and B0018 with nominal capacity of 2 Ah. There are 168 charge and
discharge cycles for the batteries BO005, B0006, and B0007, and 132 cycles for the B0018
battery. The battery charge and discharge experiment follows these precise steps.

1) Charging stage: Charge the lithium-ion battery at a constant current (CC) of 1.5 A
until the voltage reaches 4.2 V. Then, when the charging current drops to 20 mA, constant
voltage (CV) mode charging is stopped.

2) Discharge stage: Discharge the battery with a constant current of 2 A. Due to the
different cut-off voltage of each battery, the discharge will be stopped when the voltage
of the B0O005-B0018 battery drops to 2.7 V, 2.5 V, 2.2 V and 2.5 V, respectively. After
charging and discharging, let the battery rest, and then proceed to the next cycle.

Figure 1 depicts the variations in voltage and current throughout the battery’s charge
and discharge cycle.
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F1GURE 1. The charge and discharge cycle of the battery
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While the battery is being used continuously, the four batteries will show different
rates and different degrees of aging, and the battery capacity generally shows a downward
trend. The capacity decay curve of BO005-B0018 is shown in Figure 2.
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FI1GURE 2. Capacity decline curve of B0005-B0018

Depending on the features of the battery, SOH is described variably; however, it is
often characterized in terms of capacity and resistance. SOH is defined as follows in this
article:

C
SOH (j) = = 1
0= (1)
where C; indicates the capacity of the battery at the jth cycle, and Cj indicates the initial
capacity of the battery.

2.2. Feature extraction. Nine characteristics that represent the battery’s aging degree
in terms of voltage, current, temperature, etc. were chosen to serve as the battery’s
health indicators. Each indicator is sensitive to battery decay and has obvious geometric
characteristics.

Figure 3(a) describes the charging current changes of battery B0005 under different cy-
cles. With the aging of the battery, the CC charging duration is gradually reduced, which
can represent the change trend of battery SOH to a certain extent. Therefore, constant
current charging time is chosen as HI1. The battery’s CV charging time steadily increases
as the CC segment’s duration increasingly decreases. At CV stage, the charging current
will gradually decrease, and with the deterioration of battery aging, the charging current
starts to diminish more slowly. Therefore, the current drop time of battery constant volt-
age charging stage from 1.2 A to 0.5 A is chosen as HI2 in this paper. In addition, the
integral of charging current curve over time was selected as the health index HI3 to mea-
sure the overall change of charging current during battery aging.

The charging voltage change of battery BO005 during various cycles is shown in Figure
3(b). With prolonged usage, the battery enters the constant voltage charging stage earlier
and the voltage rise’s slope steepens. In this paper, the isobaric rise time from 3.9 V to
4.1 V, which is the most gentle charging voltage, is selected as HF4.

Figure 3(c) describes the variation of discharge voltage of battery B0005 under different
cycles. Under long-term use, the battery capacity becomes smaller, and it takes progres-
sively less time for the discharge voltage to drop to its lowest point. The time when the
battery discharge voltage falls to its lowest point during various cycles is chosen as HF5
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FiGURE 3. Charge and discharge parameter curves of BO005 battery under
different cycles

in this article. In addition, different cycles correspond to different voltage drop rates, so
the voltage change rate of the battery during the discharge process can also represent the
aging degree of the battery. In this paper, the time used for the discharge voltage to drop
from 3.8 V to 3.5 V is taken as HF6.

Figure 3(d) describes the variation of discharge temperature of battery BO005 under
different cycles. Under long-term use, the maximum battery discharge temperature gen-
erally shows an upward trend, and it takes less time to reach the maximum. In order
to synthesize the two factors of the maximum temperature and the temperature rising
speed, this paper selects the integral of the battery discharge temperature to the time
under different cycles as HF'7.

Incremental capacity (IC) analysis of batteries is widely used for SOH prediction of
batteries [24]. It reflects the rate of capacity change under the change of unit voltage
during the battery charging process. By differentiating the ratio of the charge capacity in
the constant current charging phase to the terminal voltage, a smooth change in voltage
can be converted into an easily identifiable peak on the IC curve. The capacity increment
of the battery is calculated as shown in Equation (2).

Q=1It
o, = 1 A Q= Qe (2)
avi AV Vi—Via

where ¢ is the charging time, [ is the constant charging current, IC}; indicates the capacity
increment at time t, (); and );_; indicate the battery capacity at time t and t — 1
respectively, and V; and V;_; indicate the battery terminal voltage at time ¢ and ¢ — 1
respectively.

Figure 4 shows the IC curves of the battery under different cycles. The IC peaks of
different cycles have special positions, shapes and amplitudes. As the cycle increases,
the 1C curve shifts downward in general, which reflects the declining state of the battery.
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FIGURE 4. Discharging temperature curve of BO005 battery under different cycles

Therefore, the peak value is selected as HI8, and the voltage corresponding to the peak
value is selected as HIO.

3. Theories of the Proposed SOH Prediction Method.

3.1. Importance evaluation of health indicators based on XGBoost. XGBoost
is an extreme gradient boost decision tree based on Boosting algorithm, which is a strong
learner composed of decision tree based learners. It improves the GBDT algorithm and
carries out second-order Taylor expansion of the objective function to retain more infor-
mation of the objective function. In this study, feature engineering in XGBoost method
is used to sort the importance of features [25].

XGBoost can be expressed as

Ji=Y_ fulz:), freF (3)
k=1

In the equation, y; is the value after prediction; x; is the ¢th sample; k is the number of
decision trees; f. is the structure and weight of decision tree. The decision tree’s function
space is denoted by F'; n is the number of training samples.

The following equations illustrate the XGBoost objective function:

n k
L) =3 L) + 390 (4)
i=1 k=1

Qfi) = AT + Al o)

where [ (y;,9;) is the loss function, namely the root-mean-square error; Q( fz) is the reg-
ularization term of each iteration; v and A are regular term coefficients, which are used
to control the number and fraction of leaf nodes. T is the number of leaf nodes in the
model; w is the weight of leaf nodes.

The XGBoost algorithm considers the prediction residual in each fitting calculation to
generate a new gradient lifting decision tree, and constantly changes the objective function
according to the generated results. The objective function is expanded by Taylor series
to get Formula (6).

20 = 5 {1 [l o) + ghasi e+ 2050 ©)

=1
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In the equation, g)l(t_l) is the predicted value given by the model at step t — 1; ¢g; and h;

are the first and second derivatives of the error function at f; = 0, respectively.

The above formula is a convex function, and the derivation of it can obtain the extreme
point of the objective function, which is the optimal solution:

W — — Zielj gi (7)
o Yiephi A
where j is the leaf node; I; is the instance set of the current node.

The two parameters of weight and gain used to build the tree reflect the correlation
between a certain feature and the predicted target. The weight denotes how often a trait
occurs. The gain is calculated by dividing the overall gain of the feature information by
the total number of occurrences. The gain is calculated as follows:

G3 N Gh  (Gu+Gr)? |
H,+X\ Hg+X Hp+Hg+ )\

Gain = (8)
The middle and lower corner marks L and R are left subtree and right subtree, respectively.

Figure 5 shows the feature importance distribution of nine health factors treated with
XGBoost method, where the longer the bar chart, the higher the feature importance
ranking in model training. As shown in the bar chart, HI1 and HI5 contribute the most
to XGBoost model fitting, indicating that HI1 and HI5 are the key features that determine
the prediction effect. Although HI3, HI4, HI6, HI7 and HI8 have not contributed much,
they have all made some contributions in model training. HI2 and HI9 contribute the

XGBoost importance evaluation results
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FIGURE 5. Importance evaluation results of HIS



24 J. LI, D. XU, T. PAN AND D. JIANG

least to XGBoost model fitting and are hardly used to build decision trees. Therefore, it
is excluded in the subsequent research of this paper.

3.2. Dimension reduction of health indicators based on T-SNE. As an unsu-
pervised nonlinear manifold learning algorithm, T-SNE can reduce the data dimension
without changing the distribution of data points, and can fully extract low-dimensional
sensitive feature information from high-dimensional data. The processes that are partic-
ular are as follows [26].

1) Let the high-dimensional space contain n data samples, expressed as {1, 2, Z3, .. .,
z,}. The conditional probability that data points z; and z; are adjacent points in the
high-dimensional space can be expressed as

oxp (= ||z — 2| /207)
>y D (= [l — ]| /202)
Among them, o; is the standard deviation of Gaussian distribution centered on the data
point x;.

2) Calculate the joint distribution probability P;; of x; and z; in space.

P . P,
By = WT]/Z (10)

3) Set the data point in the low-dimensional space as {y1, Y2, Y3, - - - , Yn }, whose proba-
bility distribution matrix is ). For the joint probability density ¢;; of row ¢ and column
7 in @, the calculation formula is

Fiji =

(9)

Ol =l
qij = o1 (11)
Sk (14 Ny — will”)

4) The similarity between the probability distribution @ in low-dimensional space and
the probability distribution P in high-dimensional space is represented by the Kullback-
Leible (KL) divergence, which is used to calculate the similarity between the high- and
low-dimensional spaces.

C = Dxi(P|Q) = ZZ log2 . (12)

5) In order to obtain the best low—dlmenswnal embedded data y;, gradient descent is
used to iterate the objective function repeatedly to obtain the minimum KL divergence
expression.

1
5@/ = 42 i — i) — ;) (1 + |lyi — yj||2) (13)
The iterative calculation formula is
B oC _ _
yt:yt 1+775_+04(?Jt l_yt 2) (14)

where 7 is the learning rate; « is the momentum factor. Iteratively, solve Equation (14)
until ‘50 is less than or equal to the set threshold.

Flgure 6 shows the effect of T-SNE algorithm to reduce the original data dimension to
two dimensions, where Figure 6(a) shows the joint distribution between the two dimen-
sions, and Figure 6(b) shows the change trend of a single dimension. The data points
in the joint distribution map are arranged along a clear descending trajectory, showing a
continuous trend of change, and have strong one-dimensional characteristics. This con-
tinuous trend accurately reflects the continuity and process of actual battery capacity
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FIGURE 6. Dimension reduction effect of T-SNE

decline. Moreover, the fluctuation and trend of the curve in the health indicator graph
are highly consistent with the original data and the capacity decline curve, which well
completes the dimensional reduction while maintaining the spatial structure of the original
data.

3.3. TCN. Temporal convolutional network (TCN) is proposed by [27], which is an im-
provement on one-dimensional convolutional neural networks. TCN uses full convolutional
network to ensure that the input tensor and the output tensor have the same dimensions,
and use causal convolution in order to establish a causal link between the network’s
layers. Furthermore, TCN broadens the network’s receptive field to better capture the
association between points in long-term time series when combined with dilated convolu-
tion. Figure 7 shows the structure of the expansion convolution in TCN. Its expression is
as follows:

F(s) = (@al) (5) = 3 1(0) - 2 (15

where x € R, is a one-dimensional sequence input and d is the dilation rate. f is the
convolution kernel. & is the number of convolutional kernels. s is the element of sequence.

In order to enable cross-layer information transmission and preserve network perfor-
mance stability, the residual connection was created to address the issue of gradient
disappearance or explosion that may arise from adding more network levels, as shown in
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FiGure 7. Dilated convolution structure diagram
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Formula (16). Figure 8 shows the structure diagram of the residual connection. Residual
connection can weigh and fuse the input z of the model into the output F(x) of the model
to obtain the final output.

O = Activation(x + F(x)) (16)
where Activation(+) is the activation function.

3.4. Transformer. Transformer model has been widely used in text generation tasks due
to its excellent predictive performance since it was proposed. Four components make up
the general framework of the Transformer model: input, encoder, decoder, and output.
The method in this paper adopts only the encoder part. Figure 9 displays the encoder’s
construction [28].
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As shown in the figure, Transformer’s encoder module mainly consists of two parts:
multi-head self-attention and feedforward neural network. The input vector is processed
by the entity embedding layer into a new vector. It is then processed by positional encoding
to ensure that the input data has relative position information in the sequence. The main
reason why Transformer has better performance than other serial models is its multi-
head attention module. The multi-head attention mechanism is composed of several self-
attention mechanisms. The self-attention mechanism can obtain query matrix @, key
matrix K and value matrix V' by linear transformation of input sequence. The attention
weight of each input vector is obtained by the following equation.

. QKT
attention(Q, K, V') = softmax vV (17)
Vdy
where attention is the attention mechanism function; softmax is a normalized exponential
function. dj, is the dimension of the key matrix.
The multi-head self-attention mechanism is defined as

MultiHead (@, K, V') = Concat (heady, ..., head,) W, (18)
head; = attention; (QW7, KW}, VW) (19)

where head; is the ith head of attention; W/, W, WY are linear transformation weight
matrices of query matrix, key matrix and value matrix obtained in the ith attention head;
W, is the linear transformation weight matrix of multi-head attention.

The residual connection in Transformer decoder module is used to solve the problem
of gradient disappearance caused by the deepening of network hierarchy. Layer normal-

ization speeds up convergence. The formula is as follows:
X, = LayerNorm(MultiHead (X) + X) (20)
Xen = LayerNorm (GeLU (0, X, W5 + b)) Wo + by + X,,) (21)

where X, is the output of multi-head self-attention mechanism layer; X,, is the output
of the feedforward network layer. LayerNorm() layer is normalization function.

3.5. TCN-Transformer. Figure 10 shows the proposed SOH prediction model for lithi-
um-ion batteries. The model is divided into two components. The first section processes
the battery aging data and extracts its features. Firstly, features that can characterize
battery aging are extracted. XGBoost evaluates the importance of features, and to de-
crease the quantity of data and increase the network’s training pace, the T-SNE approach
is used to the dataset. The second part is the TCN-Transformer battery SOH prediction
network, which uses TCN to capture the temporal and spatial characteristics of battery
aging health indicators, and uses the multi-head attention mechanism in Transformer
to strengthen and supplement the extracted features. The multi-scale time dependence
relationship can be adaptive learned from the data of battery aging, and the aging infor-
mation of battery can be extracted more accurately, so as to obtain better health state
prediction results.

A residual module is used in the TCN model. In the residual module, the features and
information contained in the battery aging data are extracted through expansion causal
convolution, weight normalization is adopted to avoid the influence of excessive weight
difference in training, and nonlinear factors are introduced into the data through ReLU.
After adding the dropout layer, the overfitting problem can be alleviated to a certain ex-
tent. In Transformer, the output data of TCN is first encoded in position to enhance the
timeliness of time series data, and then transferred to the attention mechanism in Trans-
former model. The results are then fed into the feedforward layer, these high-dimensional
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F1GURE 10. Overall framework for SOH prediction of lithium-ion batteries

features are compressed into the desired features, and the final prediction results are

obtained.

4. Experiments and Result Analysis.

4.1. Evaluation criteria for battery SOH prediction accuracy. The method’s error
was analyzed in this research using the following metrics: mean absolute percentage error
(MAPE), root mean square error (RMSE), mean absolute error (MAE), and coefficient
of determination (R?). The following is the precise calculation formula:

n

Yi — Ui

1
MAPE = — 22
2 )
n AN\2
RMSE = \/ 2z (3: — 9 (23)
I .
MAE = n Z (9 — i) (24)
i=1

n ~ N2
Zi:1 (yi — Ui) (25)
n —\2
> i1 (Y — Ui)
where n represents the number of samples; y; indicates the real battery life, y; represents
the predicted battery life, and y; represents the average of the raw data.

RP=1-
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4.2. Comparison of Li-ion battery SOH prediction results under various mod-
els. Health indicators of batteries in the NASA dataset were collected for each charging
and discharging cycle. After processed by XGBoost and T-SNE, the health indicators are
used as input features, and the capacity of each cycle is used as a label to compose the
lithium-ion battery life prediction dataset. To increase the content of data, the idea of
cross-validation is adopted, that is, the data of BO006-B0018 are used as training sets to
train the network, and the SOH of B0005 battery is predicted. Data from B0005, BO007,
and BO018 are used as training sets to train the network, to predict the SOH of B0006,
and so on.

1.1 1
T, Loy, T, Yyt
2 .2 2 2
19 %+2 )
X = " Y = . (26)
J nd i J
T, Ly, T, Y

where x7 represents the nth health factor of the jth cycle, and 3’ represents the capacity
of battery of the jth cycle.

LSTM, GRU, and RNN networks with superior time series prediction ability are chosen
as comparison networks of the proposed method in order to confirm the efficacy of the
SOH prediction approach presented in this study, and all networks are trained and tested
with the same dataset.

Figures 11-14 show the SOH prediction results and prediction errors of BO005-B0018
batteries. As shown in the figures, the LSTM method has a good forecasting performance
in the stage of steady capacity decline, but it cannot effectively predict the capacity
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FiGURE 11. Comparison of prediction results of BOO05 under different models
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rebound phenomenon of a large degree. GRU method has good prediction performance
for the middle and late period of capacity decline, but it cannot predict accurately when
the capacity fluctuates greatly in the early period. The RNN method has a good prediction
effect when the capacity fluctuates greatly in the early and middle period, but the overall
prediction result is too large in the late period of capacity attenuation. Although LSTM,
GRU and RNN have their own advantages in forecasting, the TCN-Transformer model
performs better in the first and intermediate phases of capacity decrease, and has the
best overall forecasting performance among the four methods. We can also confirm the
analysis just now from the prediction error graph. In general, LSTM method has the
largest prediction error at the peak point, GRU method has a large error fluctuation at
the early stage of capacity attenuation, and RNN method has a large error fluctuation at
the late stage of capacity attenuation. On the other hand, the error of TCN-Transformer
method is relatively stable in the early and late stages and always fluctuates around the
0 error line.

Table 1 shows the evaluation criteria under the four networks. According to the results
in the table, except that the RMSE and R? results of BO006 battery are slightly better than
those of TCN-Transformer when RNN method is used for prediction, TCN-Transformer of
other batteries shows optimal indicators. The results demonstrate that, in comparison to
the old model, the TCN-Transformer model’s prediction accuracy has somewhat improved.
Both the accuracy and prediction error have decreased.

5. Conclusion. A model based on TCN-Transformer is suggested to evaluate the SOH of
Li-ion batteries, with the goal of improving the forecast accuracy. Firstly, nine health in-
dicators HI1-HI9 were extracted from the voltage and current curves during charging and
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TABLE 1. Evaluation results of SOH prediction

Battery Model MAE | RMSE | MAPE | R?
TCN-Transformer | 0.0075 | 0.0124 | 0.4792 | 0.9954
BO00S LSTM 0.0089 | 0.0166 | 0.5645 | 0.9919
GRU 0.0098 | 0.0133 | 0.6213 | 0.9947
RNN 0.0104 | 0.0138 | 0.6915 | 0.9943
TCN-Transformer | 0.0122 | 0.0220 | 0.7695 | 0.9909
B0006 LSTM 0.0205 | 0.0307 | 1.3103 | 0.9823
GRU 0.0127 | 0.0245 | 0.7991 | 0.9889
RNN 0.0127 | 0.0213 | 0.8370 | 0.9915
TCN-Transformer | 0.0068 | 0.0115 | 0.4134 | 0.9944
B000T LSTM 0.0086 | 0.0153 | 0.5174 | 0.9901
GRU 0.0070 | 0.0117 | 0.4250 | 0.9942
RNN 0.0076 | 0.0117 | 0.4695 | 0.9942
TCN-Transformer | 0.0110 | 0.0196 | 0.7055 | 0.9800
BO01S LSTM 0.0213 | 0.0288 | 1.3663 | 0.9568
GRU 0.0136 | 0.0209 | 0.8748 | 0.9773
RNN 0.0139 | 0.0203 | 0.9040 | 0.9791

discharging under different cycles, and then XGBoost was used to screen the importance
of health indicators and eliminate the health indicators with low importance. The T-SNE
algorithm was used to reduce dimensionality of multidimensional data to obtain indi-
rect health indicators. Finally, the SOH of B0005-B0018 is predicted using the TCN-
Transformer model. In the experiment, LSTM, GRU and RNN models are used to prove
the effect of the proposed model with the same dataset. The findings demonstrate that
the TCN-Transformer model, which has the best overall prediction accuracy and better
evaluation indices, may continue to retain strong prediction performance in both the early
and late phases of battery capacity attenuation.

The TCN-Transformer model is suitable for complex sequence processing tasks. How-
ever, when the sequence is long, the computational cost and memory consumption of the
self-attention mechanism are high. Although TCN improves efficiency through convolu-
tion operations, the overall model still requires a lot of computational resources when
processing sequences. Moreover, the model structure has high complexity, and more hy-
perparameters need to be adjusted, which increases the difficulty and time of model
tuning. Optimizing computing resource consumption, simplifying model structure, im-
proving generalization ability and tuning convenience are still important directions for
future research and improvement.
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