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Abstract—Early prediction of the decaying capacity of lithium-
ion batteries is significant for e.g. early detection of abnormal cells
in a battery pack. Due to the influence of the historical aging
path on battery health, traditional battery capacity prediction
methods rely on a large dataset of measured capacity data, which
make them unsuitable for early battery capacity prediction and
real-time application. To improve this situation, a multivariate
and direct multi-step prediction transformer model based on
electrochemical impedance spectroscopy (EIS) is proposed. To
allow for real-time application, first, a robust battery capacity
estimator is trained by using a convolution neural network
based on EIS. Subsequently, by using the estimated capacity
and impedance data, the proposed transformer model is trained
for capacity prediction. Compared with five baseline models and
published models, the proposed model has the best performance
with prediction errors that are reduced by around 30 %.
Compared with five published methods, the proposed model can
indeed achieve earlier capacity prediction: only 5 cycles of data
are needed for making a 15 cycle capacity prediction.

Index Terms—Lithium-ion battery, Capacity estimator, Capac-
ity prediction, Transformer, Direct multi-step prediction, EIS

I. INTRODUCTION

The rapid development of lithium-ion battery technology
has led to the massive deployment of electric vehicles and
furthermore stimulates electrification of ships [1]. However,
many technical challenges relating to batteries are still un-
solved, such as early warning of battery failure, early abnormal
cell detection, and evaluation of battery health status, which
all heavily depend on the capability for early prediction of
decaying battery capacity. For reliable and efficient battery use,
there is an urgent need to develop early capacity prediction
techniques for advanced battery management systems [2].

The aging of batteries is nonlinear and is significantly
affected by temperature, current rate, depth of discharge,
chemistry, and manufacturing process, which leads to very
different aging behavior of the battery. This makes it very
challenging to establish a stable mapping relationship between
battery capacity and for example cycle number, attracting
many researchers to work on solving this challenge [3].
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In recent years, data-driven methods have attracted more
and more attention from academia and industry. Since capacity
is affected by historical aging paths, capacity prediction can
be considered a time series problem. Many iterative multi-
step models are developed needing more than 60% of the full
measured capacity dataset for adequate training and thus only
can predict a narrow range of capacity values [4]. Another
major disadvantage of these models is that it depends on
the measured capacity, which makes it inappropriate in real
applications because there is no opportunity to measure the
actual capacity value after each cycle [5]. Finally, this method
only considers specific battery cells to train the model, which
makes the application to other cells unreliable [6]. Some
researchers have developed multivariate capacity prediction
models considering temperature, current, and voltage. This
input information is often strongly related to battery aging,
which indeed may improve the accuracy and robustness of
models based on this type of data. However, the methods
are usually based on direct multi-step capacity prediction,
which again leads to a narrow prediction window [7]. The key
approach to improve the prediction window is to use advanced
networks with the ability of long output sequences.

The long short-term memory (LSTM) recurrent neural net-
work (RNN) is a mature method for time series prediction,
but still has difficulties in dealing with long sequences [6].
The transformer neural network stands out as one of the most
successful sequence modeling architectures, showcasing un-
matched performance across diverse applications, particularly
in the fields of natural language processing and computer
vision [8]. The transformer effectively captures long-range
dependencies, thanks to the multi-head self-attention mecha-
nism’s efficacy. However, the suitability of transformer neural
networks for time series prediction still needs further study.
Some data sets, including traffic, electricity, weather, have
already been used to explore the effectiveness of transformer
models. Lithium-ion battery data is required to verify the
effectiveness of the transformer in processing long input
sequences [9].
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To bridge this research gap, this paper proposes a multi-
variate and direct multi-step transformer neural network model
based on electrochemical impedance spectroscopy (EIS). The
main contributions of this article include the following:

1) The impedance of EIS data is considered as input vari-
able of the transformer model, which helps improving
capacity prediction accuracy.

Compared to the LSTM-RNN technique for capacity
prediction, the transformer model is less affected by the
length of the input and output sequence.

The use of a direct multi-step prediction architecture can
improve the capacity prediction robustness compared
with an iterative multi-step prediction architecture.

2)

3)

II. BATTERY DATA SET

The data set used in this article includes EIS and capacity
data of 8 LiCoOsq/graphite cells, all obtained from [10]. The
nominal capacity of the cells is 45 mAh and all 8 cells (named
25C01-25C08) are cycled with 1C CC charging and 2C CC
discharging, at a test temperature of 25 °C. To avoid the
influence of temperature, SOC and relaxation time on EIS,
25 °C, 100 % SOC, and 15 minutes resting time are set as the
standard condition for the EIS measurements. The real part
and imaginary part impedance are determined at 60 different
frequencies selected from the frequency range of 0.02 Hz -
20 kHz. The EIS curves for fresh and aged cells of cell 01,
cell 02, cell 03, and cell 06 are shown in Fig. 1 (a). Fig. 1 (b)
gives the capacity declining curves for the 8 cells.
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Fig. 1. Battery data set used in this study [10]. (a) EIS measurement result,
the color changes from light to dark as the battery degrades. (b) Aging rate
of 8 cells.

III. BATTERY CAPACITY PREDICTION METHODOLOGY

A multivariate and direct multi-step prediction transformer
model is proposed at method for predicting battery capacity
and five baseline models are used to verify the effectiveness
of the proposed model.

A. Multivariate and direct multi-step prediction transformer
model

The battery capacity prediction is a time series and it is
realized by the early capacity sequence and features data,
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which is a typical time sequence prediction problem. The
proposed framework of battery capacity prediction is shown
in Fig. 2, including an encoder and a decoder. The encoder
handles large, lengthy sequence inputs and compresses them
into a concatenated feature map. On the other hand, the
decoder receives extended sequence inputs without labels, cal-
culates the weighted attention composition of the feature map,
and generates the final predicted sequence [8]. The encoder
and decoder are commonly implemented using LSTM-RNN,
however, this limits the input and prediction length in direct
multi-step prediction applications, considering the ability to
capture long-dependencies, the transformer is used to construct
the encoder and decoder.

The input and output sequences of the proposed model are
formed as,

C1 21 | Cn+1
. C2 22 | Cpy2

D = [input|output] = (1)
Cn  Zn | Cntp

where c is the capacity sequence, z is the impedance sequence,
where the imaginary part of impedance at the frequency of 2
Hz is used, because the frequency of 2HZ has the strongest
correlation with battery capacity [10], n is the length of input
sequence, and p is the length of the prediction sequence.

Ceo+1> Ceo+25- - +>Ceo+p

Add & Norm

Feed Forward

Add & Norm Add & Norm

Feed Forward Self-Attention

Add & Norm Add & Norm

Self-Attention Self-Attention
Encoder Decoder

Cnt+1) Cn+2s-0 5 Cntp

€1,€25:-+5 Cp Ct0—n+15-++5> Ct0—1> Cro
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Input and Label Input

Fig. 2. Transformer architecture for battery capacity prediction. c is the
capacity sequence, z is the imaginary part of the impedance of EIS data
at a frequency of 2 Hz, to + 1 is the capacity prediction start point, n is the
input length, p is the direct multi-step prediction length, and ¢ is the predicted
capacity.

B. Baseline models

Battery capacity prediction based on data-driven approaches
can be divided into different categories according to the num-
ber of input variables, sequence prediction neural network, and
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prediction architecture. Five different combination methods are
introduced as baseline models.

a) Input variables: In order to establish a data-driven
method to accurately predict the battery capacity, features
highly related to battery capacity need to be used as the input
variables. According to the number of the input variables, there
are two categories prediction models, which are multivariate
and univariate prediction model.

b) Sequence prediction method: Long sequence time-
series prediction demands a high prediction model, which
is a model with the ability to capture precise long-range
dependency coupling between output and input efficiently.
Compared with LSTM-RNN models, transformer models have
shown superior performance in capturing long-range depen-
dency. To verify the effectiveness of the transformer, the
LSTM-RNN is also considered as the baseline model.

c) Prediction architecture: To achieve multi-step predic-
tion, there are two categories of prediction architectures, which
are the iterative multi-step and direct multi-step prediction
architecture. The advantage of the iterative multi-step method
is that can achieve long-term prediction, however, this method
is susceptible to accumulation errors. In contrast, the direct
multi-step prediction architecture can exploit more information
and has a high prediction accuracy [11]. Therefore, also these
two architectures are used for baseline models.

To conduct the comparative analysis with the proposed
methods, five baseline models are considered. Table I lists the
input variables, prediction method, and prediction architecture
of baseline models.

TABLE I
BASELINE MODELS

Model Input Variable Prediction method Architecture
Ml c z LSTM-RNN Direct
M2 c, z Transformer Iterative
M3 c, z LSTM-RNN Tterative
M4 c Transformer Iterative
M5 c LSTM-RNN Tterative

IV. RESULTS AND DISCUSSION

This section presents battery capacity estimation by using
EIS data based on the convolutional neural network (CNN)
model, and the estimated capacity is used as the input of the
capacity prediction model. For the capacity prediction part,
the effectiveness of the transformer model and the impedance
as the input variables are demonstrated, consequently, the
results of different methods for battery capacity prediction are
discussed.

A. Verification of capacity estimation

The CNN model is trained by using the data from battery
cell 25C01 to 25C04, where the features include 60 real part
impedances and 60 imaginary part impedances.

The battery capacity estimation results of cells 25C05 to
25CO08 are shown in Fig. 3, with the corresponding statistical
errors listed in Table II. For all cells, the mean absolute error

(MAE) and root mean square error (RMSE) is lower than 1.33
mAh and 1.15 mAh, respectively, which indicates that EIS data
can sufficiently represent battery capacity degradation.
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Fig. 3. Capacity estimation results of 25C05, 25C06, 25C07 and 25C08 based
on CNN, where 60 real part impedances and 60 imaginary part impedances
are used as the inputs of the CNN to automatically extract features.

TABLE 11
CAPACITY ESTIMATION ERRORS IN MAH BASED ON CNN
Cell CNN
Number MAE RMSE
25C05 1.33 1.15
25C06 0.64 0.80
25C07 0.93 0.96
25C08 0.53 0.73

B. Effectiveness of Transformer for long sequences

Compared with the LSTM-RNN, the transformer has the
potential to capture long-range dependency, however, there
are no published papers that study the effectiveness of the
transformer model for the long data sequence as in the battery
data set used in this paper. To demonstrate the influence of the
length of input and output sequence on the accuracy of battery
capacity prediction, different input and output time steps are
applied for LSTM and transformer models and the accuracy of
the different results is compared with each other. During the
experiments, the actual capacity of 25C01 is used for training
the model, and a part of the actual capacity of 25C05 is used
for testing the model.

Fig. 4 presents the RMSE of the battery capacity prediction
of the two models as a function of input and output steps.
The capacity prediction error of the transformer model only
slightly increases with the increase in output time steps, in
contrast, the capacity prediction error of the LSTM-RNN
model is significantly increasing with the increase of the output
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time steps. This shows that the transformer model indeed is
more suitable for long-time step prediction than LSTM-RNN.
Besides, as the input time step increases, there is a slight
increase in capacity prediction error.
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Fig. 4. The RMSE of battery capacity prediction of models for different input
and output time steps. (a) LSTM-RNN model. (b) Transformer model.

According to Fig. 4 (b), when the length of input steps is
5, and the length of output steps is 15, the model achieves
a balance between prediction length and prediction error.
Compared with the model with the length of output steps of
20, the model with the length of output steps of 15 can achieve
a more robust capacity prediction.

C. Effectiveness of impedance for capacity prediction

The different feature sets in the EIS data are compared to
verify the effectiveness of impedance as the input variable of
battery capacity prediction models. During this experiment,
two features are defined, named F'1 and F'2, the definition
of them are F1 = [C] and F2 = [CZ], where C presents
the battery capacity sequence and Z presents the imaginary
part of the impedance sequence at the frequency of 2 Hz,
which is highly correlated with battery capacity. The test
model is the direct multi-step transformer prediction model,
which is trained by using data from 2501-25C04, with the
length of input and output steps of 5 cycles and 15 cycles,
respectively. Due to the actual capacity being hard to mea-
sure in real applications, the input capacity sequence is the
estimated capacity sequence, the impedance is measured by
the EIS measurement device. This approach gives the method
potential to use for online applications. To clearly show the
prediction performance based on the two different features, the
different prediction windows are shown in Fig. 5 and Fig. 6,
in which part of battery capacity prediction results of 25C05-
25C08 based on F'1 and F'2 are shown, respectively. Detailed
experimental information is listed in Table III.

It is observed that all the cells with F1 and F2 can
obtain capacity prediction results with relatively high accuracy.
Compared with the results of using F'1 given in Fig. 5, the
results in Fig. 6 using F'2 show a more accurate capacity
prediction at all cycle ranges. Due to the lack of impedance
information of F'1, its accuracy is significantly lower than that
of F'2. Compared with other battery cells, the large prediction
error of 25C08 is caused by the lower accuracy of capacity
estimation results in Fig. 3. However, the prediction result
of 25C08 when using F'2 is more accurate than when using
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TABLE III

EXPERIMENT DESCRIPTION FOR VERIFYING THE EFFECTIVENESS OF
IMPEDANCE

Item Description

Ist Feature sets F1=1C]

C': Estimated capacity sequence

F2=[CZ]
C': Estimated capacity sequence
Z: Measured Impedance sequence

2nd Feature sets

Direct Multi-step prediction transformer
Time steps: input: 5; output: 15
Trained by 25C01-25C04

Model

25C05: 6-20th, 56-70th, 101-115th, 156-170th
25C06: 6-20th, 26-40th, 56-70th, 86-100th
25C07: 6-20th, 26-40th, 56-70th

25C08: 6-20th, 16-30th

Prediction windows
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Fig. 5. The results of capacity prediction using F'1 for different cells. The
prediction windows for every cell are listed in Table III.

F1. Tt is clear therefore, that the availability of impedance
information can improve the capacity prediction accuracy.

To show the capacity prediction error distribution of every
point in a prediction window, the MAEs of every point in all
prediction windows are calculated as,

1 n—19
19 D lei — éijl
j=1

where M AE, is the MAE of ith capacity prediction point,
the maximum of 7 is the direct capacity prediction length,
which is 15. j presents the jth prediction window number, n
is the cycle number of capacity sequence, n—19 is the number
of prediction windows, and ¢;; is the predicted capacity at the
ith point of the jth cycle. The results are shown in Table IV
and Fig. 7.

MAE¢, = )
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It can be observed that the capacity prediction accuracy
using F'2 is higher than using F'1 for all cells, and its MAE is
less than 0.75 mA. In contrast, the MAE of capacity prediction
of 25C08 using F'1 is higher than 1.3 mA. Therefore, the
use of impedance data in this case improves the prediction
accuracy with 30%.

D. Results of different prediction methods

To show the effectiveness of the proposed method, which
is the multivariate and direct multi-step prediction transformer
model, the prediction results are shown in Fig. 8. The first
prediction point is selected from all prediction windows, thus
displaying the long-term prediction curve. It can be observed
that the proposed model achieves accurate capacity prediction.
For 25C08, the accuracy of capacity prediction is slightly
improved compared to capacity estimation error. Improving
the accuracy of capacity estimation is still crucial for accurate
capacity prediction.

Fig. 6. The results of capacity prediction using F'2 for different cells. The 4 25€05 34 25c08
prediction windows for every cell are listed in Table III. 35 Measured Measured
5 < Estimated | % ~+ Estimated
E <+ Predicted | £ % [fa =~ Predicted
= re —
TABLE IV z 30 £
CAPACITY PREDICTION ERRORS IN MAH BASED ON F'1 AND F'2 ° T30
8 8
Prediction 25C05 25C06 25C07 25C08 25 28 -
Point F1 F2 F1 F2 F1 F2 F1 F2 0 100 200 0 50 100
1st 093 075 049 032 032 029 0.91 0.63 Cycle number Cycle number
2nd 0.85 0.72 050 033 030 0.27 1.04 0.63 25C07 25008
3rd 098 085 053 041 027 025 1.172 0.63 30 30
4th 094 074 053 037 026 024 126 061 _ Measured | Measured
5th 094 075 052 031 027 022 132 0359 Z 29 < Estimated | Z %0 ~+- Estimated
6th 090 0.78 054 048 0.27 0.19 1.40 0.60 E =+ Predicted E =+~ Predicted
7th 0.89 0.66 0.56 036 028 0.19 1.30 0.55 45‘ 28 %
8th 093 0.67 0.54 037 030 0.22 1.38 0.59 o T og
9th 096 059 052 039 035 0.26 1.44 0.58 827 8
10th 091 059 052 036 039 0.30 1.48 0.53
11th 091 0.66 0.51 036 043 0.35 1.27 0.59 26 27 4
12th 0.87 0.61 052 041 046 041 1.26 0.60 0 20 40 60 0 10 20
13th 090 048 052 043 050 045 1.30 0.57 Cycle number Cycle number
14th 0.84 032 050 033 053 049 1.28 0.55
15th 0.82 045 049 033 057 0.53 1.29 0.57
Fig. 8. The results of battery capacity prediction for different cells using
the proposed method. The 1st prediction point is selected from all prediction
windows.
51'5 Closcos 25007 |t| To funhF:r compare the accuracy of capacity .prediction
£ D 25c06 [J25C08 T among various methods, Table V lists the statistical errors
s 1} + ] of battery capacity prediction using the proposed method,
o % — } five baseline methods, and a reference method [7], with the
= E] distribution of battery capacity prediction errors illustrated
& 05r 1 = T + 1 in Fig. 9. According to the results, the proposed model has
§' } é Ej the best performance. In terms of prediction architecture, the
: - - : : - . : proposed method and M1 are more accurate than others, there-
Fi F2 F1 F2 F1 F2 F1 F2 . . . R
fore, the prediction accuracy of direct multi-step prediction is
) ) o o ) higher than the iterative multi-step prediction method. From
Fig. 7. The capacity prediction error distribution using F'1 and F'2 for

different cells. On each box, the central mark indicates the median, and the
bottom and top edge of the box represents the 25th and 75th percentiles,
respectively. Excluding the outliers which are drawn separately using the ’+’
symbol, the whiskers extend at both end to the most extreme data points.

the aspects of the sequence prediction method, under the direct
multi-step prediction architecture, the capacity prediction of
the transformer model is more accurate than the results of
LSTM-RNN, except for the 25C08, it is a trade-off result
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between the model generalization ability and accuracy for the
low-consistency cells, but no obvious improvement is observed
when using the transformer model under the iterative multi-
step prediction architecture. Finally, the prediction errors can
be further reduced by using a multivariate model rather than
using a univariate model.

TABLE V
CAPACITY ESTIMATION ERRORS IN MAH BASED ON DIFFERENT METHODS
Cell MAE
Number Proposed M1 M2 M3 M4 M5 Ref [7]

25C05 0.32 1.54 136 126 3.00 3.59 0.69
25C06 0.08 0.65 190 0.64 210 1.26 1.91
25C07 0.29 036 094 078 043 1.64 1.15
25C08 0.64 033 0.84 101 076 1.22 1.74
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Fig. 9. The capacity prediction errors distribution of different methods for
25C05-25C08 cells. M1-MS5 are the five baseline methods listed in Table I.

To demonstrate the performance of the proposed model in
early battery capacity prediction, five published methods are
investigated. It can be observed from Fig. 10, the starting
prediction point of four published papers for battery capacity
is after 50 cycles, so these papers cannot achieve early battery
capacity prediction [S] [4] [6] [12]. Besides, the length of the
battery capacity prediction window of the proposed model is
greater than that of another published direct multi-step predic-
tion model [7]. Therefore, compared to published papers, the
proposed method can achieve earlier capacity prediction.
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Fig. 10. Results of start points and prediction length of the proposed and
several published methods for capacity prediction.

V. CONCLUSION

A multivariate and direct multi-step prediction transformer
model is proposed for early battery capacity prediction, based
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on EIS and battery capacity data. Since the actual battery ca-
pacity is difficult to determine in the real battery applications,
first a CNN model is used for battery capacity estimation based
on broadband EIS data. The estimated capacity sequence is
subsequently used together with the EIS data as the input
sequence for the multivariate and direct multi-step prediction
transformer model for capacity prediction. When impedance
data is used as input of the transformer model, the capacity
prediction errors are reduced by around 30% with respect to
the case where only the estimated capacity sequence is used
as input. Moreover, compared with five baseline models and a
published model, the proposed model has the best performance
with an MAE of less than 0.64 mA for four test cells. Finally,
compared with five published methods, the proposed model
can indeed achieve earlier capacity prediction, with only 5
cycles of data needed for a 15-cycle prediction.

The performance of the proposed model needs to be further
verified on different operation conditions of the battery sys-
tem, such as different temperatures, and for different battery
chemistries.
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