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ARTICLE INFO ABSTRACT

Communicated by: John E Mottershead Previous machine learning models for state-of-health (SOH) estimation of Li-ion batteries have
relied on prescribed statistical features. However, there is little theoretical understanding of the

Keywords: relationships between these features and SOH degradation patterns of the batteries. This study

Li-ion battery proposes a convolutional neural network model to estimate the future SOH value of Li-ion bat-
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teries in the early phases of qualification tests. First, capacity degradation data are transformed
into two-dimensional images using recurrence plots and Gramian angular fields, highlighting the
time-series features of the data. Second, five types of convolutional neural network models are

developed to estimate the SOH values of Li-ion batteries for a certain cycle. Here, class activation
maps are generated to present how the models arrive at their conclusions. Finally, the perfor-
mance and reliability of the developed models are assessed under various experimental condi-
tions. The proposed approach has the following two advantages: it automatically extracts
important temporal features from the capacity degradation data for SOH estimation, and obtains
the contribution of each temporal feature with respect to the estimation process. The experi-
mental results on 379Li-ion batteries confirm that the proposed approach can reduce the time
required for qualification tests to 50 cycles, under a 6% mean absolute percentage error.

1. Introduction

Li-ion batteries have been widely used across industries, from portable electronics and electric vehicles (EV) to power grids and
energy-storage systems. Despite the COVID-19 impact, the market for Li-ion batteries is expected to grow at a compound annual
growth rate of 12.3 % from 2021 to 2030 [1]. Regardless of their application, Li-ion batteries continuously degrade over the accu-
mulation of charging and discharging cycles, even under regular usage [2]. There is a gradual decrease in battery capacity and gradual
increase in internal impedance. The degradation rate is often affected by the operational and environmental conditions of Li-ion
batteries, such as the charging and discharging rates, operating voltages and currents, and internal and environmental tempera-

tures [3-7].

State-of-health (SOH) is a metric that quantifies the amount of battery degradation by measuring a battery’s current capacity and
impedance, compared with that of an unused (brand new) battery. Studies have presented different approaches for SOH estimation of
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Nomenclature

Forecast origin cycle The number of charging and discharging cycles to be used for estimating SOH values
Forecast target cycle The number of charging and discharging cycles for which future SOH values are estimated

Nomenclature for oversampling technique

asyore  Randomly selected minority class sample

ksyore  Number of nearest neighbours of the minority class sample asyore
bswore  Nearest neighbour samples of asyors

Nomenclature for time-series imaging method
Time-series data
Trajectory vector extracted from time-series data
Time window
Number of timestamps in the time-series data x
Dimension
Epsilon; a prescribed threshold distance
-) Heaviside function
ol Euclidean distance function
Normalised time-series data
Radius of data points in the polar coordinate system
Angle of data points in the polar coordinate system
Timestamp; battery charging and discharging cycle

~ ey kz:}imsqdkl%

Nomenclature for convolutional neural network

o(-,-) Output of convolution layer; feature map
k(-,-) Weight of the kernel
i(--) Input of convolution layer

m,,my,m; Row index of output, kernel, and input
ny,ng,n; Column index of output, kernel, and input
ReLU Rectified linear unit activation function

c Channel index

F¢ Global average pooling

fe Activation of channel c in the last convolution layer
o Final output value of CNN

W Weight of channel ¢

CAM Class activation map

Nomenclature for performance evaluation

MAE Mean absolute error

MAPE  Mean absolute percentage error

N Number of data samples

SOH:! Actual SOH value of the i th test sample at forecast target cycle t

SOH: Estimated SOH value of the i th test sample at forecast target cycle t

Li-ion batteries exposed to operational and environmental stress conditions in the field. State-of-the-art approaches include electro-
chemical [8-10], equivalent circuit [11-13], and data-driven [14-28] modelling. Electrochemical modelling aims to capture all key
behaviours of Li-ion batteries, with a large number of unknown parameters based on the understanding of electrochemical reactions
between electrodes and electrolytes. Equivalent circuit modelling describes the dynamics of battery behaviours using lumped models
with a simplified combination of resistors, inductors, and capacitors. These approaches require detailed battery specifications and
demanding computational power to solve complex partial differential equations; thus, they may not be feasible for SOH estimation.
Finally, data-driven modelling has emerged with continuous improvements in computational power and machine learning algorithms.

Recent data-driven approaches have focused on modelling the nonlinearity and heterogeneity of the capacity degradation trends of
Li-ion batteries. They can be classified into the following two categories: classification and regression. Classification approaches
identify the onset of the battery’s anomalous SOH degradation in the early phases of charging and discharging cycles. For instance,
Saxena et al. [22] presented a one-class support vector machine (SVM) to identify anomalous batteries. Lee et al. [14] calculated the
radius of curvature of the nonlinear SOH degradation curve to detect the inflection points in charging and discharging cycles. Lee et al.
[15] developed a capacity-fading behaviour analysis method to distinguish between unhealthy and healthy batteries based on local
outlier factors, kernel density estimation, and a hidden Markov model. Regression approaches estimate the future SOH value of Li-ion
batteries based on the temporal characteristics observed in the capacity degradation data. For instance, Kim et al. [16] proposed a
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shifting kernel particle filter approach to accurately predict the remaining useful life (RUL) of Li-ion batteries, including those with
heterogeneous degradation. Widodo et al. [23], using time-series features extracted by sample entropy algorithms, developed a
prognostic framework for battery health based on an SVM and a relevance vector machine. Chaoui and Ibe-Ekeocha [24] proposed an
autoregressive architecture based on recurrent neural networks (RNNs) for SOH and state-of-charge (SOC) estimation. Razavi-Far et al.
[25] presented an integrated imputation prediction scheme to assess the RUL of Li-ion batteries with missing observations based on
extreme learning machines. Ungurean et al. [26] presented a neural network architecture based on gated recurrent unit (GRU) for
online prediction of battery health. Finally, Li et al. [27] suggested a prognostic framework to predict the SOH and RUL of Li-ion
batteries using a variant of long short-term memory (LSTM) shared by multiple cells without mutual interference.

However, while machine learning models have been useful in identifying unhealthy batteries and estimating the SOH value of Li-
ion batteries, the results of previous studies cannot be easily generalised and deployed in practice, due to various reasons. First,
previous models relied on prescribed statistical features (e.g., changes and fluctuations in the SOH values over cycles), despite the lack
of theoretical understanding of the relationships between these features and SOH degradation patterns of the batteries [15,28]. Note
that, the important features may differ across the types of Li-ion batteries and operational and environmental conditions, even for a
single type of Li-ion battery [14]. Hence, any proposed approach should be more effective in feature selection. Second, most previous
studies have used capacity degradation data with a small sample size (less than 30), restricting the scope of analysis to certain
experimental conditions for the SOH estimation [14-16,18-27]. Additional data samples should be used to diversify the scope of the
analysis and enhance the richness of the potential implications. Finally, the studies have mainly relied on black-box models, whose
internal mechanisms are not revealed. Given the use of black-box models, it is difficult for practitioners to fully understand the
relationship between the temporal dynamics in capacity degradation behaviour of the Li-ion batteries and SOH estimation results.
Therefore, black-box models should be extended to interpretable models to provide insight into methods that improve machine
learning models and qualification testing procedures [29]. Study [17] partially addressed the above-mentioned issues by using a
dataset consisting of 124 commercial LFP/graphite Li-ion battery cells with different ranges of cycle lives and adopting a regularised
linear model that provides high interpretability. However, they relied on their domain knowledge to select the statistical features
related to charging and discharging of batteries, and they interpreted the linear model based only on the prescribed range of cycles.
This study extends [17] by using a convolutional neural network to extract important features from the capacity degradation data
automatically and using a visual explanation method called class activation mapping to investigate the importance of temporal fea-
tures over any range of cycles.

Considering these issues, we propose a convolutional neural network (CNN) model to estimate the future SOH value of Li-ion
batteries in the early phases of qualification tests. When used for SOH estimation, the CNN model can automatically derive impor-
tant features from the capacity degradation data. Moreover, it has a lower computational complexity and cost compared with previous
RNN-like models, such as LSTM and gated recurrent unit (GRU). First, capacity degradation data is transformed into two-dimensional
images using recurrence plots (RPs) and Gramian angular fields (GAFs), highlighting the nonstationary time-series features of the data.
Second, five types of CNN models are developed to estimate the SOH values of Li-ion batteries for a certain cycle. Here, class activation
maps are generated to present how the models arrive at their conclusions. Finally, the performance and reliability of the developed
models are assessed under various experimental conditions. We applied the proposed approach to the capacity degradation data of
379Li-ion batteries, obtained from qualification tests. The analysis results confirmed that the proposed approach can reduce the time
required for qualification tests to 50 cycles, which is less than two weeks in practice, under a 6 % mean absolute percentage error
(MAPE). Moreover, the class activation maps demonstrated that the important temporal features (i.e., charging and discharging cycles)
for estimating future SOH values, vary between healthy and unhealthy batteries. This logical interpretation of the estimation process
shows that the developed CNN models can capture nonlinearity of the decrease in SOH values of the Li-ion batteries. This implication
could also be identified by the symmetry-breaking in GAF images, which are physically interpretable.

The remainder of this paper is organised as follows: Section 2 explains the data and methodology used. Section 3 describes the
experimental settings employed in this study. Section 4 presents the experimental results and discusses the performance and reliability
of the proposed approach. Finally, Section 5 concludes the paper, states the limitations of this study, and suggests future research
directions.

2. Data and methodology
2.1. Capacity degradation data

In this study, the capacity degradation data of 379 Li-ion batteries for EV, provided by a commercial automobile manufacturing
company, are used as the initial dataset. The capacity degradation data are obtained from ongoing reliability tests during which Li-ion
batteries are repeatedly charged and discharged, and the changes in their SOH are monitored simultaneously according to usage. The
SOH is defined as the ratio of a battery’s remaining capacity to its initial value, as formulated in Eq. (1). The batteries have the same
nominal capacity at the beginning of the qualification tests, the SOH always starts from 1.0 as it represents the rate of change in the
battery capacity.

SOH(t) = 20] @

c(0)

where C(0) and C(t) are the battery capacity values at the first cycle and cycle t in the qualification tests, respectively. The SOH values
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Fig. 1. A portion of capacity degradation data of Li-ion batteries.

were recorded at various lengths for each battery because the batteries reached their end of life (EOL) at different cycles. Generally, in
the qualification tests on Li-ion batteries for EV, a battery is considered to have reached its EOL, if its SOH value drops below 0.7 at the
700th cycle. Accordingly, the SOH values of the batteries were measured till they reached their EOL or the 900th cycle, corresponding
to approximately-three and a half months under accelerated stress conditions. In this context, the forecast target cycle is defined as the
number of charging and discharging cycles for which the future SOH values are estimated (e.g., the 700th cycle), which could be used
as a temporal criterion for judging a Li-ion battery’s EOL.

Fig. 1 shows a portion of the initial dataset. Consistent with the results of previous studies, inflection points are observed between
the 200th and 250th cycles [15]. A gradual SOH degradation is observed before the inflection point, regardless of the Li-ion battery’s
type (i.e., healthy and unhealthy batteries). The SOH degradation of unhealthy Li-ion batteries starts to accelerate at certain points
between the 200th and 250th cycles. Moreover, every battery exhibits its own capacity degradation pattern, implying that nonlinear
models are more appropriate than linear models for SOH estimation.

2.2. Methodology

2.2.1. Synthetic minority oversampling technique

In our initial dataset, the numbers of data samples available for SOH estimation differ according to the forecast target cycles,
because the SOH values were recorded at various lengths for each battery sample. For instance, if a battery reaches its EOL in the 350th
cycle, it cannot be used to train a machine learning model to predict the SOH value at the 700th cycle. Moreover, the SOH values for
each forecast target cycle are imbalanced. For instance, most SOH values of the data samples range from 0.7 to 0.8 in the 700th cycle,
whereas only a few samples show an SOH value greater than 0.9 in the 700th cycle.

We employ a synthetic minority oversampling technique (SMOTE) to complement the rarely observed SOH degradation patterns
and avoid biased estimation towards specific SOH values. SMOTE, introduced by [30], generates new synthetic data samples through
the linear interpolation of minority class samples. Specifically, this method first randomly selects a minority class sample aspyorr and
finds its kspore th nearest minority class neighbours. The synthetic data sample is then generated as a convex combination of asyore
and one of the randomly chosen kgyorr th nearest neighbours, bgyore. Although SMOTE is useful in compensating for imbalanced data,
it can be problematic to use it in practice because it often constructs a “bridge,” consisting of unrealistic synthetic data samples,
between typical minority class samples and outliers. This is because SMOTE treats all minority class samples fairly, regardless of
whether they are outliers or not. To overcome this drawback, Borderline SMOTE, which generates synthetic data samples using only
the samples on the border of majority and minority classes, [31] has been suggested. Using the advantages of both oversampling
methods, the proposed approach combines SMOTE and Borderline SMOTE to generate new data samples, considering both generality
and specificity.

2.2.2. Recurrence plots and Gramian angular fields

The capacity degradation data employed in this study are a type of time-series data that can be characterised by time-dependent
signal information and may not be appropriate as an input to the CNN models. Hence, we employ-two major time-series imaging
methods, namely, recurrence plots and Gramian angular fields, to transform the capacity degradation data into two-dimensional
images, highlighting the time-series features of the data. These methods have been designed to represent univariate time-series
data as a square matrix, considering temporal correlations within the data. Thus, they have been applied to CNN models that
accept two-dimensional images as input. Several studies have reported that the use of time-series imaging methods with CNNs
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Fig. 2. Examples of the capacity degradation data and corresponding RP and GAF images.

demonstrates better performance in classification and regression tasks, compared with the use of raw time-series [32,33].

First, RP is a method for measuring the distance between trajectories, X; = (xi,xm, [N xH(m,l),), vie{l, -, T—(m—-1)z},
extracted from time-series data, x = (x1, Xz, ---,Xr) [34]. This method reveals the points at which some trajectories return to a previous
state, as formulated in Eq. (2).

Rj=0(c— |5 =), isj=1,,T ,whereT' =T —1 (2)

where T and T’ are the number of timestamps in the time-series x and number of trajectories X respectively, € is a prescribed threshold
distance, 6( o) is the Heaviside function, and || e || is the Euclidean distance function. The resulting RP matrix involves texture and
typology information of the time-series data, which are characteristic recurrent patterns exhibited at small and large scales, respec-
tively. The texture of the time-series can be observed as follows: single dots that occur when the states are isolated due to their rarity,
diagonal lines that occur if a trajectory parallels another trajectory, and vertical and horizontal lines that can occur when a state
remains unchanged for a certain time window. The typology information provides a global impression of the time-series, categorised as
follows: homogeneous RP for stationary systems, periodic RP for the systems with recurrent structures, drift RP for the systems with
slowly varying parameters, and disrupted RP for the systems including extreme and rare events. Specifically, a two-dimensional phase
space trajectory (m = 2) is generated from the capacity degradation data. Further, the RP matrix is calculated based on the distance
between the states in the phase space. Here, we skip the thresholding step and directly generate the two-dimensional grey-level images.

Second, GAF encodes time-series data into two-dimensional images based on a polar coordinate system [32]. This method preserves
the absolute temporal correlation because each point on the polar coordinate system is determined by its distance and angle from a
reference point. GAF conversion consists of three steps. First, the time-series data, x = (x1,Xx2,---,Xr), is normalised between 0 and 1, as
shown in Eq. (3).

¥ = (X, %, -, X7)
Where

- x; — min(x) 3)

= max(x) — min(x)

Second, the time and amplitude corresponding to a point in the normalised time-series data, X = (X;,X,-*+,Xr), are converted to the
radius and angle in the polar coordinate system, as defined in Eqgs. (4) and (5), respectively.

r= (rlyrz, "'JT)

Where

(€))

ri =

N

¢ = (¢11¢27 (ﬁT)
Where
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Fig. 3. The architecture of the five types of CNN models for SOH estimation.
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Finally, two forms of Gramian matrix, namely, the Gramian angular summation field (GASF) and Gramian angular difference field
(GADF), are calculated, as shown in Egs. (6) and (7), respectively.

cos(¢y +¢y) -+ cos(¢; + )
GASF = : " : 6)

cos(¢y + ¢1) COS(¢T'+¢T)
Sin(¢]._¢l) Sin(dﬁ.—d’r)

Sin(‘pr._d)l) Sin(fpr'_‘/}r)

Fig. 2 illustrates the capacity degradation data of the Li-ion battery samples and the corresponding RP, GASF, and GADF images. As
mentioned, previously, the inflection point at which the decrease in the SOH value starts to accelerate, is often observed between the
200th and 250th cycles in the capacity degradation data. The transformed images represent the capacity degradation pattern while
preserving the temporal information of the data. Particularly, the inflection point is observed in Fig. 2, as a distinct pattern at certain
coordinates corresponding to the cycles between the 200th and 250th cycles. Although the global trend of the capacity degradation
appears to be similar across Li-ion batteries, the transformed images can capture slight differences in the capacity degradation patterns
based on the temporal correlations within the data. Hence, the RP and GAF imaging methods help produce appropriate input images
for the CNN models, using the time-series capacity degradation data.

GADF = )

2.2.3. Convolutional neural network with the class activation map

A CNN is employed to assess the SOH values of Li-ion batteries in a certain cycle of interest in the early phases of the qualification
tests. CNN is a class of deep learning models used to learn spatial hierarchies of features from grid pattern data such as images and texts
[35]. When used for SOH estimation of Li-ion batteries, this method is more efficient than earlier approaches because it automatically
extracts relevant features affecting the future SOH values of Li-ion batteries, from the two-dimensional images generated by the RP and
GAF method. Moreover, it has fewer parameters than the RNN-like models.

Among the different architectures of CNN models, this study employs the CNN architecture with the class activation map proposed
by Zhou et al. [36], to localise important regions in the input data used for prediction. Specifically, five types of models are developed
based on the CNN architecture, depending on the time-series imaging methods for generating input images from the capacity
degradation data, as shown in Fig. 3. The RP, GASF, and GADF models accept a single transformed image based on the RP, GASF, and
GADF methods, respectively. The 2CH-GAF model accepts the two-channel GAF image, which comprises one channel for GASF image
and another for GADF image. Finally, the RP/2CH-GAF model is designed to have two streams of feature extraction layers that par-
allelly accept the RP and two-channel GAF images. The shape of the input images is determined by the forecast origin cycle, which is
the number of charging and discharging cycles to be used for estimating SOH values at the forecast target cycle. The RP and GAF
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generate slightly different shapes of images because the number of trajectories for formulating RP matrix is T —1, where T is the
number of timestamps in a time-series. The RP image is in shape (T — 1, T — 1), while the GAF image is in shape (T, T). For instance, if
the forecast origin cycle is set to 100, the shape of the input images will be (99,99) for RP, and (100, 100) for GASF and GADF.

These five models share the base CNN architecture, which consists of two convolution layers, two average-pooling layers following
each convolution layer, one global average pooling layer, and one fully connected layer. First, once the RP and GAF images repre-
senting the SOH degradation pattern are fed into the CNN model, the convolutional layer constructs feature maps using a convolutional
operation that applies kernels. Specifically, the element-wise product between each element of the kernel and the input is calculated at
each location of the input. Further, it is summed to produce the output value in the corresponding position of the feature map, as shown
in Eq. (8).

o(m,n,) = ka‘zf:k(mk,nk) o i(m; i, ni+m), my = 0,1, Mying = 0, 1,0, Noj my = 0, 1+, Mgy = 0, 1, -+, Nys m
=0,1,+,M;n; = 0,1, N; @®

In the equation, o(e, e) is the value of the output, k(e, o) is the weight of the kernel, i(e, o) is the value of the input, and (M,,N,),
(Mg, Ni) and (M;, N;) indicate the sizes of the output, kernel, and input, respectively. The feature map is then passed through the
rectified linear unit (ReLU) activation function, as shown in Eq. (9).

ReLU(x) = max(0, x) 9)

Second, the pooling layer reduces the dimensionality of the feature maps. Among the various pooling methods, we adopt an
average-pooling method to select the mean value for each patch. Third, the global average pooling layer takes the average of all el-
ements in each feature map at the last convolution layer while retaining the depth of the feature maps. Thus, global average pooling F*
results in a spatial average of the feature map for each channel, as shown in Eq. (10).

Fe = E f.(x,y) 10)
Xy
where f,(x,y) is the activation of channel c in the last convolution layer at spatial location (x,y). Finally, the fully connected layer
concatenates the feature maps as a one-dimensional vector, in which every input is connected to every output by a learnable weight.
The activation function in the fully connected layer is an identity function. Thus, the final output value O is generated by the weighted
sum of the values of the fully connected one-dimensional vector, as shown in Eq. (11).

0=> w eF(xy) (11)

where w, represents the weight of channel ¢ corresponding to the final output value. Particularly, RP/2CH-GAF model has a parallel
structure of two base CNN architectures that separately extract features from the RP and two-channel GAF images. An additional fully
connected layer is placed to concatenate the two different one-dimensional vectors, representing the features separately extracted from
the two types of images, as shown in Fig. 3(d).

The class activation maps are generated using the benefit of the global average pooling layer. By combining Egs. (10) and (11), we
obtain:

0= wey filxy) =D weofilxy) 12)

X,y Xy

Further, from Eq. (12), we can observe that the higher w,, the more the f(x,y) affects the final output value. The class activation
map CAM is defined as follows:

CAM (x,y) = ch o f.(x,y) 13)

Accordingly, CAM(x,y) directly indicates the importance of activation at spatial location (x,y), leading to the final output value.

The development of the CNN model includes training and testing phases. In the training phase, we use a training dataset to learn the
parameters and weights in the convolutional and fully connected layers to minimise the difference between the predicted and actual
SOH values of the Li-ion batteries. Here, the gradient-based optimisation method (error backpropagation algorithm) is utilised to
estimate the parameters of the model. For faster convergence, stochastic gradient descent (SGD) is used to update the parameters. Once
trained, the model can predict the future SOH values of Li-ion batteries based on the SOH degradation patterns observed in the early
phases of qualification tests.

2.2.4. Performance evaluation

A stratified fivefold cross-validation scheme is used to validate the proposed approach. Specifically, the dataset is partitioned into
five folds, where four folds are used for training and the remaining fold is used as a test dataset in rotation. Given that our dataset is
imbalanced, it is split in a stratified way such that each fold contains a similar distribution of SOH values at the forecast target cycle.
This is attained by applying random sampling within each group, after the entire dataset is divided into multiple groups according to
their SOH values at the forecast target cycle.

To evaluate the performance of the CNN models trained to forecast the SOH of Li-ion batteries, the MAE and MAPE are employed, as
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Table 1
Experimental conditions.
Forecast origin cycles 50
100
150
200
250
Forecast target cycles 300
500
700

Table 2
Number of data samples employed in this study.
Forecast target Number of data samples Number of data samples
in the initial dataset in the dataset after SMOTE
300 379 2,500
500 214
700 111

formulated in Eq. (14)-(15).

1 & -

MAE = & ;\SOH; — SOH:| (14)
1 {~/|SOH: — SOH!| ,

MAPE7N;<THI_ 100) (15)

where N is the number of test samples, and SOH: and SB;P; are the actual and estimated SOH values of the i th test sample at forecast
target cycle t, respectively. We use the MAE and MAPE for a fair evaluation of the performance, as MAE can directly demonstrate the
differences between the actual and estimated SOH values, and MAPE can show a relative error. Consequently, the average perfold
estimates are used to represent the performance of the proposed approach.

3. Experimental settings

Multiple experiments must be conducted in diverse contexts to examine the feasibility and practicality of the proposed approach.
First, the cycle of interest for SOH estimation may differ across different Li-ion batteries. For instance, the Li-ion batteries for mobile
phones are considered unhealthy if their SOH values drop below 0.8 during the 500th cycle, whereas those for automobiles are
considered unhealthy if their SOH values drop below 0.7 during the 700th cycle. Moreover, the potential implications that can be
derived by the proposed approach may differ according to the time when the approach is performed. In this respect, we consider five
different forecast origin cycles (i.e., 50, 100, 150, 200, and 250), and three different forecast target cycles (i.e., 300, 500, and 700) for
the experiments, as presented in Table 1. Particularly, the combinations of a forecast origin and target cycle, for which an experiment
of the SOH estimation is conducted, are defined as forecast horizons. Second, SMOTE and Borderline SMOTE are applied to our initial
dataset to resolve the data imbalance problem when training machine learning models for SOH estimation. Specifically, we divide the
data samples in the initial dataset into five groups according to the SOH values at the forecast target cycle, as follows: [0,0.7),
[0.7,0.75), [0.75,0.8), [0.8,0.85) and [0.85,1.0]. Synthetic data samples are generated for each subset to contain a total of 500 data
samples including the data samples in the initial dataset; here, both SMOTE and Borderline SMOTE generate 250 new data samples
each. Given the trade-off between the data imbalance problem and the data overfitting problem caused by an overabundance of
synthetic data samples, we limit the number of data samples in each subset to 500, when the oversampling is performed. For each
forecast target cycle, the resulting dataset contains 2,500 data samples to be used for model training. Table 2 presents the number of
data samples in the initial dataset and the number of data samples when the synthetic samples are added using SMOTE and Borderline
SMOTE.

4. Results

We applied the proposed approach to our dataset by varying the forecast origin and forecast target cycles for the chosen experi-
mental conditions. Using MAE and MAPE as performance evaluation metrics, we examined the performance of the five CNN models
trained for estimating SOH values, as reported in Table 3. The metric values marked in bold indicate the best performance for each
forecast horizon. Overall, the performance evaluation metrics, especially the MAPE under 8 % (5 % on average) for every forecast
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Table 3
Results of performance evaluation of CNN models.

(a) MAE results of the performance evaluation

Forecast origin cycle Forecast target cycle CNN models
RP GASF GADF 2CH-GAF RP/2CH-GAF
50 300 0.0560 0.0511 0.0528 0.0526 0.0517
500 0.0462 0.0439 0.0469 0.0438 0.0433
700 0.0496 0.0401 0.0469 0.0422 0.0411
100 300 0.0501 0.0484 0.0498 0.0414 0.0401
500 0.0464 0.0446 0.0454 0.0443 0.0411
700 0.0439 0.0375 0.0444 0.0385 0.0359
150 300 0.0467 0.0402 0.0433 0.0391 0.0341
500 0.0423 0.0393 0.0389 0.0372 0.0356
700 0.0318 0.0292 0.0279 0.0256 0.0248
200 300 0.0428 0.0378 0.0441 0.0377 0.0336
500 0.0386 0.0345 0.0360 0.0344 0.0320
700 0.0316 0.0259 0.0282 0.0249 0.0227
250 300 0.0385 0.0354 0.0396 0.0350 0.0302
500 0.0370 0.0341 0.0355 0.0321 0.0300
700 0.0293 0.0256 0.0280 0.0236 0.0211
(b) MAPE results of the performance evaluation
Forecast origin cycle Forecast target cycle CNN models
RP GASF GADF 2CH-GAF RP/2CH-GAF
50 300 7.54% 6.73% 7.00% 6.97% 6.83%
500 6.09% 5.78% 6.19% 5.77% 5.71%
700 6.55% 5.23% 6.14% 5.52% 5.37%
100 300 6.68% 6.46% 6.62% 5.55% 5.39%
500 6.09% 5.89% 5.94% 5.85% 5.39%
700 5.80% 4.93% 5.82% 5.03% 4.73%
150 300 6.29% 5.39% 5.86% 5.26% 4.63%
500 5.59% 5.21% 5.14% 4.96% 4.74%
700 4.22% 3.82% 3.65% 3.36% 3.24%
200 300 5.79% 5.07% 5.97% 5.03% 4.52%
500 5.06% 4.57% 4.76% 4.55% 4.24%
700 4.14% 3.39% 3.66% 3.24% 2.97%
250 300 5.16% 4.72% 5.23% 4.62% 3.96%
500 4.84% 4.48% 4.69% 4.20% 3.93%
700 3.87% 3.36% 3.66% 3.08% 2.74%
Table 4
Results of comparative study with other state-of-the-art approaches.
Forecast origin cycle Forecast target cycle Models
RP/2CH-GAF ELM GRU LSTM
50 300 6.83 % 5.40 % 5.11 % 5.06 %
500 5.71 % 7.18 % 8.09 % 7.56 %
700 5.37 % 8.52 % 8.51 % 8.52 %
100 300 5.39 % 5.03 % 4.66 % 4.83 %
500 5.39 % 6.39 % 5.91 % 6.92 %
700 4.73 % 8.35 % 8.43 % 8.49 %
150 300 4.63 % 3.87 % 3.54 % 3.82%
500 4.74 % 5.35% 4.20 % 5.22 %
700 3.24 % 7.75 % 8.17 % 8.40 %
200 300 4.52 % 2.79 % 2.59 % 291 %
500 4.24 % 4.60 % 4.61 % 4.58 %
700 2.97 % 7.07 % 7.86 % 7.72%
250 300 3.96 % 1.99 % 1.95 % 2.02 %
500 3.93 % 417 % 4.29 % 4.33 %
700 2.74 % 6.47 % 6.68 % 717 %

horizon, confirm that the proposed approach can predict future SOH values of Li-ion batteries using data from early phases of qual-
ification tests. Moreover, MAE with an average of approximately 0.038, shows that the proposed approach can estimate actual SOH
values with little deviation, given the range of the actual SOH values (i.e., [0,1]). Both performance evaluation metrics show a clear
tendency according to the forecast horizons. In most cases, the larger the forecast origin cycle, the lower the estimation error. This is
because, when the larger forecast origin cycle is set, the input images contain more information about the battery SOH degradation
behaviour. Moreover, the larger the forecast target cycle, the higher the predictive performance. This is because the comprehensive
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(a) 50-300 (RP) (b) 50-300 (GASF) (¢) 50-300 (GADF)

50 75 100 o 25 50 75 100 125 150 25 50 75 100 125 150

(d) 150-500 (RP) (e) 150-500 (GASF) (f) 150-500 (GADF)

150 200 100 150 200 100 150 200

(g) 250700 (RP) (h) 250700 (GASF) (i) 250-700 (GADF)

Fig. 4. Class activation maps for the battery sample “T1-1-13_1".

correlation between SOH values in the early phases, represented by time-series imaging methods, indicates the long-term trends of
battery SOH for longer forecast target cycles (e.g., the 700th cycle), where the healthy and unhealthy batteries are clearly differen-
tiated. However, short-term estimation (e.g., the 300th cycle) can be influenced strongly by local trends surrounding the forecast target
cycle, which hinders CNN models in estimating future SOH using the input images containing broad trends of SOH values.

In terms of model comparison, the RP/2CH-GAF model exhibited the highest predictive performance under most experimental
conditions. This shows that the three different time-series imaging methods capturing different temporal characteristics of the SOH
degradation data, produced a synergy effect in the SOH estimation. When the forecast origin cycle is set to 250 and the forecast target
cycle is set to 700, the RP/2CH-GAF model achieved its best performance with an MAE of 0.0211 and MAPE of 2.74 %. In other words,
the RP/2CH-GAF model near-perfectly estimated the future SOH values using the data collected from (approximately) two months of
qualification tests under accelerated stress conditions. Therefore, considering the average predictive performance for various forecast
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(a) SOH below 0.7 (b) SOH between 0.7 and 0.75  (¢) SOH between 0.75 and 0.8

(d) SOH between 0.8 and 0.85 (e) SOH between 0.85 and 1.0

Fig. 5. The averaged class activation maps of the RP model according to the range of SOH values (forecast origin cycle = 100 and forecast target
cycle = 700).

horizons, the RP/2CH-GAF model was identified as the best performing model. Regarding the CNN models accepting a single image as
their input, the performance evaluation metrics were higher in the order of the GASF, GADF, and RP models. The results indicate that
the Gramian angular field, considering the angular properties of time-series data, can represent more informative features of SOH
degradation behaviour than the recurrence plots. In summary, these outcomes demonstrate that the proposed approach can be useful
as a practical method for reducing the required time for qualification tests on Li-ion batteries.

An additional comparative study was conducted to compare the performance of the proposed approach to other state-of-the-art
data-driven approaches for SOH estimation. Considering the employed dataset and analysis design of the proposed approach, we
applied three neural network-based approaches, namely ELM [25], GRU [26], and LSTM [27], which aim to estimate the future SOH of
Li-ion batteries using the observed SOH only. Table 4 presents the results of the comparative study where MAPE is used as the per-
formance evaluation metric. The RP/2CH-GAF model showed the lowest performance when the forecast target cycle was set to 300.
The presence of inflection points can cause a larger fluctuation in the SOH values around the 300th cycle. Thus, it becomes difficult to
estimate SOH values using the RP and GAF images that capture global trends of SOH values during the forecast origin cycles. However,
the RP/2CH-GAF model outperformed other models when the forecast target cycle was set to 500 or 700. Furthermore, the larger the
forecast target cycle, the higher the predictive performance of the proposed approach, and lower the performance of the other ap-
proaches. This may be because the RP/2CH-GAF model considers the interrelationships among all changes in SOH values contained in
the input images, whereas ELM, GRU, and LSTM emphasise the local trends of SOH values around the forecast target cycle. Therefore,
we can conclude that the proposed approach is more useful and reliable than the previous approaches, especially for the SOH esti-
mation of Li-ion batteries in practice, where early detection of unhealthy batteries is of utmost importance.

The analysis results imply the inconsistency of proportional decrease in SOH values over the entire life cycles can be effectively
characterised and captured by the RP/2CH-GAF models. The two time-series imaging methods employed in this study can produce
two-dimensional images from the SOH degradation data, which effectively represent the temporal dynamics within the data while
preserving temporal dependency according to the cycles. Specifically, RP matrix involves the characteristic recurrent patterns
exhibited by the change in the SOH values corresponding to the row and column indices, and two forms of Gramian matrix, GASF and
GADF, represent the summation and difference between the SOH values corresponding to the row and column indices. When a battery
is healthy, a proportional decrease in the SOH value produces a symmetrical shape across all types of images, especially along the
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(a) SOH below 0.7 (b) SOH between 0.7 and 0.75  (¢) SOH between 0.75 and 0.8

(d) SOH between 0.8 and 0.85 (e) SOH between 0.85 and 1.0

Fig. 6. The averaged class activation maps of the GASF model according to the range of SOH values (forecast origin cycle = 100 and forecast target
cycle = 700).

diagonal line for RP and GASF and antidiagonal line for GADF. When a battery is unhealthy, a decrease in the SOH values is not
proportional, indicating the presence of an inflection point. This results in symmetry-breaking across the RP, GASF, and GADF images,
as shown in Fig. 2. These characteristics of the images offer physical interpretability of SOH values over the life cycles, allowing for
general applicability to the unseen “out-of-distribution” cases that are not included in the training data but may be encountered in real-
world system operations.

Further, we extracted the class activation maps for the best performing model (i.e., RP/2CH-GAF) to understand how the model
arrived at its conclusions and examine how the logical interpretations about such estimation process are related to the physical in-
terpretations provided by RP, GASF, and GADF images. Fig. 4 presents the class activation maps extracted from an unhealthy battery
sample for various forecast horizons. Figs. 5-7 present the averaged class activation maps for the RP, GASF, and GADF images, con-
structed using the SOH degradation data during 100 cycles for each subset, grouped by SOH values at the 700th cycle (i.e., [0,0.7),
[0.7,0.75), [0.75,0.8), [0.8,0.85), and [0.85,1.0]). Fig. 4 and Figs. 5-7 were obtained to investigate the local and global effects of the
spatial locations in the input images (i.e., temporal features) on the SOH estimation, respectively. Specifically, Figs. 5-7 include the
class activation maps extracted for a fixed forecast horizon (i.e., the 100th cycle as the forecast origin cycle and the 700th cycle as the
forecast target cycle) to compare the model interpretations for the three time-series imaging methods. In the figures, the row and
column indices indicate timestamps of the original time-series data for the input image. The blue and red regions represent the spatial
locations in the input images that are “not activated” and “highly activated,” respectively.

Fig. 4 shows the class activation maps obtained from an unhealthy battery sample (i.e., its SOH value was under 0.7 at the 700th
cycle) named “T1-1-13_1” for various forecast horizons. These maps exhibit the temporal features that highly contribute to SOH
estimation when using the RP/2CH-GAF model, according to the forecast origin and target cycles. Particularly, Fig. 4(a)-(c), Fig. 4(d)-
(f), and Fig. 4(g)-(i) present the class activation maps for the forecast horizons 50-300, 150-500, and 250-700, respectively. For the RP
images in Fig. 4(a) and (d), there exist distinct symmetrically activated regions at both extreme ends of the antidiagonal line. These
regions indicate the temporal correlation of the changes in SOH values between the early and later phases of qualification tests,
showing that the rapid degradation of SOH during the corresponding period highly affects the model’s estimation process. In Fig. 4(a),
which represents the class activation map for 50-300, almost all regions were activated, indicating that the changes in SOH values in
most cycles equally contribute to the models’ estimation of the SOH values at the relatively early forecast target cycle (i.e., the 300th
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(a) SOH below 0.7 (b) SOH between 0.7 and 0.75  (c¢) SOH between 0.75 and 0.8
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(d) SOH between 0.8 and 0.85 (e) SOH between 0.85 and 1.0

Fig. 7. The averaged class activation maps of the GADF model according to the range of SOH values (forecast origin cycle = 100 and forecast target
cycle = 700).

cycle). The class activation maps for the GASF and GADF images were mostly identical because the regions in the left-half of the
diagonal line were mainly activated for all forecast horizons, except that the maps for GADF were slightly brighter. A stick-shaped
region at the rightmost of the class activation maps for 250-700, represents that the temporal correlations of the change in SOH
values between the 250th and other cycles significantly contribute to the SOH estimation process. This confirms that the model
considers the inflection point, which is usually observed between the 200th and 250th cycles, important for estimating the future SOH
values. For more detailed results of model interpretation, the class activation maps of other representative battery samples for various
forecast horizons are provided in Appendix.

In Fig. 5, the five averaged class activation maps for the RP images have similar activated regions located in both extreme ends of
the antidiagonal line, for all ranges of SOH values at the 700th cycle. This indicates that the correlation of the changes in SOH values
between early (about the 25th cycle) and later cycles (about the 75th cycle) in the qualification tests, strongly influences the model’s
decision-making for SOH estimation. The averaged class activation map for the SOH between 0.85 and 1.0 (Fig. 5(e)) was slightly more
activated than that for the SOH below 0.7 (Fig. 5(a)). This demonstrates that, for the RP images, the changes in SOH values in the early
phases of qualification tests contribute to the estimation process of the model more when a battery is healthy than when a battery is
unhealthy. As mentioned, previously, in Figs. 6-7, the averaged class activation maps extracted for the two forms of Gramian angular
field image were in similar shape, except that the ones for GADF were brighter. The class activation maps in Figs. 6-7 have similar
activated regions; the horizontal line located near the 25th cycle, and the rectangle-shaped region that covers between the 50th and
100th cycles in rows and between the 25th and 75th cycles in columns. Additionally, the horizontal line was more activated when a
battery was healthy, while the rectangle-shaped region was more activated when a battery was unhealthy. This shows that, for the
GASF and GADF images, the changes in SOH values in the beginning are informative for predicting future SOH of healthy batteries, and
the changes in SOH values during mid-early phases are useful for the model to estimate future SOH of unhealthy batteries. The results
of class activation maps confirm that the logical interpretation of the models’ estimation process and the physical interpretation using
the transformed images of time-series data result in similar outcomes. Therefore, the proposed approach using CNN models with three
time-series imaging methods can serve as a practical tool to support decision-making process of developing Li-ion batteries.
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5. Conclusion

This study proposed a CNN approach using recurrence plots and Gramian angular fields as time-series imaging methods, to estimate
future SOH values of Li-ion batteries in the early phases of qualification tests. To understand the SOH estimation process and verify the
reliability of the models, this study employed class activation maps that present how the models arrive at their conclusions. The distinct
feature of the proposed approach, compared with previous machine learning models, lies in its ability to automatically extract
important temporal features from the capacity degradation data for SOH estimation. It can also obtain the contribution of each
temporal feature with respect to the estimation process. The analysis results confirmed that the proposed approach can reduce the time
required for qualification tests to 50 cycles, that is, less than a month in practice, under a 6 % mean absolute percentage error.
Moreover, the class activation maps demonstrated that the important temporal features for estimating the future SOH values, varied
between healthy and unhealthy batteries. This logical interpretation of the estimation process shows that the developed CNN models
can capture nonlinearity of the decrease in SOH values of Li-ion batteries.

Despite these contributions, the limitations of this study suggest that our findings should be viewed cautiously. First, although
many other factors affect the SOH values of Li-ion batteries, the proposed approach solely relies on the capacity degradation data. In
this respect, the proposed approach can be further elaborated using other types of features, such as temperature and internal resis-
tance. Second, the performance of the proposed approach may depend on the type of input images. In this respect, the performance of
other time-series imaging methods that highlight capacity degradation behaviours, such as Markov transition fields [32,37], should be
examined. Finally, the results and implications that can be derived by the proposed approach cannot be generalised easily because our
case study is limited to one type of Li-ion batteries for automobiles. Moreover, the capacity degradation data employed in this study
were generated through experiments which controlled various factors, such as temperature. Further testing on a wide range of Li-ion
batteries under diverse experimental conditions is required to establish the external validity of our approach.
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