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A B S T R A C T

Lithium-ion batteries have become the preferred energy storage method with applications ranging from con
sumer electronics to electric vehicles. Utilization of the battery will eventually lead to degradation and capacity 
fade. Accurately predicting the state of health (SOH) of the cells holds significant importance in terms of reli
ability and safety of the cell during its operation. The battery degradation mechanism is strongly non-linear and 
the physics-based model have their inherent disadvantages. The machine learning method has become popular 
for estimating SOH due to its superior non-linear mapping, adaptive, and self-learning capabilities, made possible 
by advances in deep learning technologies. In this study parallel hybrid neural network is formulated for pre
dicting the state of health of lithium-ion cell. Firstly, the factors that have an effect on the cell state were ana
lysed. These factors are cell voltage, charging & discharging time and incremental capacity curve. The features 
were then processed for use as input to the model. Spearman correlation coefficient analysis shows that all the 
factors had a positive correlation with SOH. While charging time has a negative correlation with the other 
features. Next the deep learning models namely convolution neural network (CNN), temporal convolution 
network (TCN), long-short-term memory (LSTM) and bi-directional LSTM were used to make fusion models. The 
number of layers in CNN and TCN were also varied. The hyperparameters used in the models were optimized 
using Bayesian optimization algorithm. The models were validated through comparative experiments on the 
University of Maryland battery degradation dataset. The prediction accuracy with CNN 3-layer LSTM was found 
to be the best for the training and the test dataset. The overall R2 value, root mean squared error (RMSE) and 
mean absolute percentage error (MAPE) with the model was found to be 0.999646, 0.003807 and 0.3, respec
tively. The impact of the features on the model was also analysed by removing one feature and retraining the 
model with the other features. The effect of discharging time and the peak of the discharge incremental capacity 
curve was maximum. The analysis also reveals that either charging voltage or discharging voltage can be used. 
Further, the proposed model was also compared with the other studies. The comparison shows that the R2, RMSE 
and MAPE values of the proposed model was better.

1. Introduction

The incessant use of fossil fuels has resulted in the degradation of the 
atmospheric air causing ill effects on the human and other living beings. 
They are also the cause of global warming which has resulted in increase 

in the Earth’s temperature, along with changes in the weather patterns 
thus affecting the crops. Using renewable sources of energy can curb the 
use of fossil fuels. Solar and wind energy are two such renewable sources 
that can effectively reduce the emissions [1]. Countries around the 
world are promoting the use of clean and renewable energy. However, 
both solar and wind energy are intermittent and are available for a 
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particular time of the day. The energy produced by such sources can be 
stored and utilized whenever required. Lithium-ion batteries are one 
such solution that stores the energy and gives it away easily. It is also 
seen that the vehicles running on fossil fuel are a major cause of pollu
tion in the cities. By switching to lithium-ion battery operated vehicle, 
the pollution can be drastically reduced. The decreasing cost of 
lithium-ion cells and battery packs along with subsidies on electric ve
hicles given by the governments has drastically reduced the cost of 
owning an electric vehicle. The reduction in cell and pack cost over the 
last decade is depicted in Fig. 1. The cost of a pack in 2013 for US$780 
which has reduced to US$139. The major reason for the reduction was 
decrease in the cost of raw materials and components as the production 
capacity worldwide increased [2]. Due to the reduction in the costs, the 
sales of electric cars have exponentially increased. Fig. 2 shows country 
wise the number of electric vehicles sold between 2010 and 2023.

During usage the batteries are continuously charged and discharged 
resulting in gradual decline in their performance [4]. When their per
formance deteriorates to a failure threshold, they reach their end of life. 
The threshold is generally 70–80 % of their rated capacity or 200 % of 
their initial internal resistance. Continuous usage of failed cells can be a 
security risk to the system and may even cause a catastrophe in extreme 
cases [5]. The accurate assessment of the state of the lithium-ion cell is 
therefore crucial for ensuring safety and efficiency during its usage. This 
way the maintenance of the system can be timely scheduled thereby 
maximizing its operational availability [6]. Some of the indicators used 
for evaluating the health status of a battery are state of function (SOF), 
state of health (SOH), remaining useful life (RUL) and so on. However, 
obtaining the values of the indicators is a difficult task [7]. Since, the cell 
degradation is non-linear; during operations there are intense un
certainties; and while monitoring the data, noise and outliers create a 

Abbreviation and nomenclature

ADAM Adaptive Moment Estimation
API Application Programming Interface
Bi-LSTM Bi-directional Long-Short-Term Memory
Bi-LSTM-NN Back propagation Long-Short-Term Memory Neural 

Network
BPTT Backpropagation-through-time
CNN Convolution Neural Network
EKF Extended Kalman Filter
EIS Electrochemical Impedance Spectroscopy
FM Feature Maps
GPR Gaussian Process Regression
IC Incremental Capacity
LSM Long-Short-Term Memory
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MLR Multiple Linear Regression
R2 Goodness of Fit
ReLU Rectified Linear Unit
RMSE Root Mean Squared Error
RNN Recurrent Neural Network
RUL Remaining Useful Life
RVM Relevance Vector Machine
SEI Solid Electrolyte Interphase
SOF State of Function
SOH State of Health
SVM Support Vector Machine
TCN Temporal Convolution Neural Network
TF Tensor Flow
TFRF Tensor Flow Record Format
b(l+1) bias in l+1st layer
Bs Batch size
c̃t candidate memory cell
chtki scalar quantity denoting charging time of kth cell
ct− 1 memory unit last iteration state
Ch vk

i vector denoting charge voltage of kth cell
d Dilation Factor
dhtk

i scalar quantity denoting discharging time of kth cell
D size of input data
DNN Deep Neural Network
DTC Differential Thermal Capacity
Dh vk

i vector denoting discharge voltage of kth cell
DL Dropout rate LSTM/BiLSTM
Dr Dropout rate of CNN or TCN
f(⋅) activation function

h
→

t forward hidden layer

h
←

t backward hidden layer
ℎt output at the present moment
ht-1 output of previous moment ‘t-1’
I Cell Current
k kth convolutional kernel
K number of convolutional kernels in a layer
Ks Kernel size of CNN or TCN
Lr Learning rate
Nf Number of filters in TCN or CNN
Ns Number of strides in CNN
o (m, n)k Eigen value at position m, n
OIR Ohmic Internal Resistance
pdq dvk

i scalar quantity denoting peak of IC curve of kth cell
P Padding
Q Cell capacity
Qcurrent current available capacity
Qinitial initial maximum available capacity
Ri,j pooling region
S Stride
t Sampling Time
TL-CNN Transfer Learning CNN
TL-DNN Transfer Learning DNN
UD Number of units in Dense layer
UL Number of units in LSTM/BiLSTM layer
vdq dvk

i scalar quantity denoting voltage at which peak occurs of 
kth cell

V Cell Voltage
xc combine input data
xt input data at current moment t
yi true value
ýi predicted value
y mean value
yt output sequence
y(i, j)k pooling operator output at position i,j
z Standard Score
Zt

l neuron output at position in t in kth layer
Zl(i,j) input of lth layer
Z(l+1)(i,j) output of l+1st layer
μ mean of the distribution
σ standard deviation of the distribution
ωk

l weight at position k
ωk

(l+1) neuron weight at the l+1st layer
ωhi weight of the output of previous moment
ωxi weight of the input at current moment
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challenge. Also, predicting the life of the cell in early stages is a difficult 
task [8].

The cell state of health is directly characterized by its capacity. As the 
degradation of the cell occurs their capacity decreases [9]. Many studies 
have been carried out to estimate the capacity of the cell. The methods 
used for estimation are either model-based or data-driven [10]. When 
the electro-chemical reaction mechanism of the cell is considered for 
estimation of the indicators, then the built model is known as 
model-based. Some of the commonly used models are electrical model, 
electrochemical model, empirical model, fractional-order model, fusion 
model and so on. Combination of discrete Arrhenius ageing model and 
sequential extended Kalman Filter (EKF) were used by Zheng et al. for 
estimating the battery capacity [11]. To estimate battery available ca
pacity, five distinctive factors that are significantly linked to the battery 
aging mechanism were found and extracted from the electrochemical 
model [12]. Yu et al. [13] employed the RLS technique for model 
parameter identification and the adaptive H∞ filter algorithm to predict 
battery capacity based on the Thevenin equivalent circuit model. Li et al. 
[14] coupled the chemical and mechanical degradation mechanisms to 
create a single particle-based degradation model, from which the ca
pacity loss and voltage fluctuation are thereafter reliably predicted. 
Zhang et al. [15] developed a connected electro-thermal model to pre
dict battery capacity and temperature in a hierarchical manner. Wang 
et al. [16] presents a fractional-order model that has been optimized for 
studying lithium-ion batteries and has produced precise computation 
results. He et al. [17] presented an analogous circuit model with several 
time scales and variable orders. Another popular model that can balance 
the complexity and accuracy of the electrochemical and equivalent 
circuit models is the fractional-order model. Xu et al. [18] suggested a 
fusion model that integrated the analogous circuit model and the elec
trochemical model. Wang et al. [19] created a thermoelectric coupling 
model that included an analogous circuit model and the thermal effect of 
the battery. Shao et al. [20] suggested a brand-new electrochemical 
model to estimate the capacity. While these models can provide lucid 
physical explanations, their broad applicability is somewhat hampered 
by the large number of parameters they often require to calculate, and 

the accuracy of these calculations is heavily dependent on the quality of 
the model [21].

The models can be coupled with advanced filtering techniques such 
as particle filter [22], Kalman filter [23] and their deviations namely 
unscented Kalman filter [24] and unscented particle filter [25] for 
precise prediction of cell status. Although model-based solutions have 
shown significant improvement, there are still certain drawbacks. These 
models require a lot of computing and prior knowledge which is known 
for some specific cells only. Due to the intricate chemical interactions 
occurring inside of cell, it is challenging to create a model that can 
precisely depict aging features of batteries at every stage of their exis
tence. Lastly, the models are not universal and cannot be used for wide 
range of applications [26].

These model based methods have high accuracy for estimating the 
parameters. However, prior knowledge is required for estimation. Also, 
the models are not universal and are specific to a particular cell chem
istry. The data-driven models on the other hand are not required to 

Fig. 1. Volume-weighted average lithium-ion cell and battery pack price [2] 
2024E is the estimated sales based on sales through first quarter of 2024.

Fig. 2. Electric car sales between 2010 and 2024 [3].

Table 1 
Summary of studies on state of health prediction.

Reference Dataset Feature Methodology Result

Luo et al. 
[29]

SamSung 
ICR18650–26J 
cells (2.6 Ah)

EIS SVM RMSE≤0.001 %
MAE≤2 %

Liu et al. 
[36]

3.2Ah 
NCR18650B, 
NASA (B05, 
B06, B07)

Constant 
voltage 
charging 
phase: 
charging 
time, 
charging 
capacity, 
average 
current, time 
interval with 
an equal 
charging 
current 
difference, 
current 
interval with 
an equal 
charging 
time 
difference

GR-SVM, 
LSTM

RMSE≤0.47 %
MAPE≤0.57 %

Lin et al. 
[44]

Oxford dataset DTC SVR, MAE≤1 %
GS-SVR,
SA-SVR

Hong 
et al. 
[45]

95 lithium iron 
phosphate 
batteries, total 
capacity 120Ah

OIR GRU MAE≤4 %

Wang 
et al. 
[46]

NASA dataset Time 
interval 
during equal 
voltage 
increase and 
decrease

EMD, MAE≤1.84 %
RF, RMSE≤2.5 %
GRU MAPE≤2.76 %

Chen 
et al. 
[38]

NCA dataset 
(3.5Ah), NCM 
dataset (3.5Ah), 
NCA + NCM 
dataset (2.5Ah)

partial 
constant 
voltage 
charging 
data

CNN, RMSE≤0.85 % 
(NCA dataset)

TL-CNN RMSE≤2.25 % 
(NCA + NCM 
dataset)

Li et al. 
[39]

12 Eunicell 
LR2032 lithium- 
ion coin cells

EIS DNN,TL- 
DNN

MAPE≤0.0036 
%

Cheng 
et al. 
[47]

CALCE Charging 
current, 
voltage and 
capacity

B-LSTM NN RMSE≤0.125 %

Obregon 
et al. 
[48]

12 Eunicell 
LR2032 lithium- 
ion coin cells

EIS CAE, DNN MAPE≤0.0128 
%
RMSE≤0.0129 
%
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master the kinetics of the lithium-ion cell, instead the state of health can 
be estimated only through data. In real case scenarios only cell current, 
voltage and in some cases temperature and internal resitance, etc. may 
be known. Some of the methods that can be used for accurate estimation 
of state of health are regression methods, deep-learning methods, neural 
network methods and graphs-based methods etc. Table 1 shows the 
summary of the work carried out by the researchers. A generic approach 
for estimating SOH was proposed by Shu et al. [27] utilizing a least 
squares support vector machine (SVM). Kullback-Leibler distances were 
determined from the charging voltage profile [28]. The distance was 
used as a feature for training a radial basis function network which can 
be used for understanding the dynamic characteristics of cell ageing. Luo 
et al. [29] used electrode impedance spectroscopy data to predict the 
state of health of the batteries using SVM model. The authors achieved 
an accuracy of 80 % with good fitting of life-time tracking. However, the 
SOH output was affected by environmental noise and load conditions. 
An improved firefly algorithm – Gaussian process regression model was 
used for selecting and adjusting the hyper-parameters [30]. The pre
diction accuracy of the model was improved by 91.64 %. The machine 
learning approaches discussed here are based on single-source charac
teristics. Hence, they have limits in estimating SOH accuracy due to local 
optimization. Moreover, there are issues with using regression models 
like SVM, GPR and multiple linear regression (MLR). A generic super
vised learning technique that benefits from probabilistic issues is called 
Gaussian process regression [31]. When the feature space is high 
dimensional, it is more likely to fail. Support vector regression is a 
technique for achieving a linearization process by lifting the dimen
sionality of complex nonlinear problems [32]. Nevertheless, it is sus
ceptible to kernel functions, parameters, and missing data. Multiple 
linear regression has the ability to tackle complex nonlinear problems. 
However, it is limited in its ability to swiftly calculate the degree of 
linear connection among the components [33].

To address the above-mentioned issues with single source features, 
studies with multiple features was carried out. Wang et al. [34] intro
duced a differential thermal voltammetry feature that takes into account 
temperature and voltage characteristics. The features were then used to 
evaluate the battery SOH using the GPR model. Dai et al. [35] extracted 
features from current, voltage, temperature, incremental capacity and 
differential thermal voltammetry curves. The features were used to train 
a dual-kernel Gaussian process regression model. The hyperparameters 
were optimized with northern goshawk algorithm. The RMSE value with 
NASA dataset was 0.4 % and with Oxford dataset it was 0.64 %. Liu et al. 
[36] used support vector regression and LSTM were used for predicting 
the SOH of a battery ageing dataset and NASA dataset. The authors 
found an RMSE and MAPE value of 0.22 and 0.24 %, respectively with 
NASA dataset, while the values were 0.47 and 0.57 %, respectively with 
their laboratory test dataset.

Apart from the studies described previously, neural network-based 
algorithms have shown great accuracies in predicting the battery 
health. Convolutional neural networks were used for estimating the 
capacity of a lithium-ion cell [37]. The authors achieved high accuracy 
in estimating the cell capacity by optimizing the hyperparameters. 
Partial constant voltage charging data was used as input for a CNN 
model and transfer learning based CNN model [38]. The authors found 
that transfer learning lead CNN model resulted in lower RMSE and MAE. 
Li et al. [39] trained a transfer learning based-deep neural network using 
electrode impedance spectroscopy data of lithium-ion batteries. The 
dataset was collected at 25, 35 and 45 ◦C. The authors observed that the 
data trained at 25 ◦C could be used for transfer learning for data at 35 
and 45 ◦C. The transfer learning could be achieved with only 6 % of the 
data. The MAPE was reduced by 48 % and 55 % with transfer learning 
for the dataset at 35 and 45 ◦C.

Recently, convolutional neural network with LSTM has been gaining 
popularity for state of health determination and lifetime prediction. An 
auto-CNN-LSTM was used by Ren et al. [40] for predicting the remaining 
life of the cell. Stacked uni- and bi-directional LSTM along with CNN was 

used by An et al. [41] in predicting the milling life of a tool. For pre
dicting the life of rotating machineries, Ma et al. [42] also utilized CNN 
based LSTM. Chen et al. [43] predicted the lifetime of lithium-ion cells 
using a two-dimensional and one-dimensional parallel hybrid convolu
tional neural network along with long short-term memory network. Li 
et al. [4] compared the temporal convolutional network, convolutional 
neural network along with long short-term memory network for pre
dicting the state of health and life-cycle of the cell.

1.1. Novelty and objectives

Studies have revealed that hybrid models of LSTM and CNN can 
achieve better results than single models. Moreover, it is seen that CNN 
is unable to capture the time-dependent information due to fixed con
volutional kernel size resulting in errors in estimation of remaining 
useful life and state of health [49]. Residual block structure and causal 
dilated convolution was added to CNN, known as TCN, to make it 
suitable for processing time series [50]. Temporal convolutional 
network (TCN) characterises convolutional calculations which allows 
local temporal feature extraction with high accuracy. Thus, it can extract 
local temporal features from the ageing data [51]. While LSTM can 
extract global temporal features from the TCN results. In this study, a 
novel hybrid model based on TCN and uni – and bi – directional LSTM is 
proposed for estimating the state of health of lithium-ion cell. Other 
models namely CNN with uni- and bi-directional LSTM were also 
adopted for the comparison. To optimize the hyperparameters for all the 
models, Bayesian optimization algorithm was utilized. The dataset 
provided by University of Maryland was used for verifying the perfor
mance of the models in state of health estimation. The novelty of the 
study lies in the fact that a parallel hybrid network was developed for the 
prognosis of the battery state of health. Most of the studies have stacked 
single data in the CNN/TCN network along with LSTM. Also, the features 
used in this study are derived from current and voltage during the 
cycling of the cell. Hence, complex battery testing equipment is not 
required for SOH estimation. This method allows accurate prediction by 
the model due to comprehensive feature extraction from the data. The 
major contributions from this study are: 

• Pre-processing the dataset for extracting features that are suitable for 
predicting the state of health. The dataset was derived only from 
voltage and current. The dataset is divided into scalar and vector 
data, where the vector data is time-based.
• The parallel network architecture of CNN/TCN extracts features 

from the scalar and vector data which is then fed to the LSTM 
network.
• Optimizing hyperparameters, plays a major role in the prediction 

accuracy of the model. In this study all the models were optimized 
using Bayesian optimization algorithm.
• Experiments were performed using the University of Maryland 

dataset of prismatic type lithium-cobalt (LiCoO2) cells.

The remaining of the study is organized as follows. In section 2, the 
dataset used was described followed by the features used in the study 
and their preprocessing. Section 3 discusses the various models used for 
the experiments. In section 4, the methodology used for the experi
mentation and the evaluation criteria is discussed. The results are ana
lysed in section 5. The performance of the proposed model is compared 
with the benchmark models in section 6. Advantages and limitations of 
the study are discussed in section 7. The final conclusions are drawn in 
section 8.

2. Experimental data

2.1. Degradation dataset

The ageing data of seven prismatic cells with a nominal capacity of 
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1350mAh, noted as cell 1 to 7 were used in this study. The dataset was 
provided by Centre for Advanced Life Cycle Engineering, University of 
Maryland [52]. The cell had a graphite negative electrode, while lithium 
cobalt oxide (LiCoO2) was used as a positive electrode material. The 
dimension of the cell was 6.6 × 33.8*50 mm. During the ageing tests, the 
cells were charged with a constant current/constant voltage charging 
protocol with a constant charging rate of 0.5C. The constant current 
charging was carried out till the voltage reached 4.2V, then the protocol 
was shifted to constant voltage charging which was continued till the 
current dropped to 0.05A. The discharging of the cells was also carried 
out at a constant rate of 0.5C, under constant current discharge condi
tion. All the parameters of the cell were recorded using Arbin Battery 
Tester.

2.2. Voltage feature

The lithium-ion cell is charged in two-stages; constant-current 
charging and constant voltage charging. The cell was cycled (charge/ 
discharge) till it reached its end of life. Fig. 3a shows the terminal 
voltage curves during charging for cell number 3. It is seen that the slope 
is less in the initial cycles, however, when the cell is cycled for long, the 
voltage curve has a greater slope. Thus, the terminal voltage of the cell 

during charging can be selected as a feature for estimating the cell state 
of health. Similarly, Fig. 3b shows the cell terminal voltage during dis
charging. The slope of the curve during initial cycles is high, which 
decreases with increase in cycling of the cell. Therefore, the cell terminal 
voltage during discharging was also selected as a feature.

The entire voltage range cannot be used for the prediction. Since, 
during constant voltage charging, the changes in cycles are miniscule. 
Similarly, during constant current charging, the changes in voltage 
below 3.4V were insignificant. Hence, a voltage range of 3.4–4.2V, 
shown in Fig. 3a, was selected for training the model. Likewise, a voltage 
range of 3.3–3.8V, shown in Fig. 3b, was selected for training the model. 
The data segment selected had hundreds or in some cases thousands of 
points which increases the computational burden during the training. 
Hence, the input length of the feature vectors was taken as 100. The 
vector was generated by linearly interpolating the data with defined 
sampling interval.

The time required for charging and discharging the cell was also 
considered for training the model. Since, the time required decreases 
with increase in number of cycles.

Fig. 3. (a) charge voltage, (b) discharge voltage, and (c) ICA curve during discharging.
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2.3. Capacity increment feature

The incremental capacity (IC) feature is widely used for describing 
the battery ageing process. The analysis by the feature is carried out at 
the electrode level. The features of the battery’s phase change during the 
insertion and delamination of the lithium-ion active material can be 
explained by incremental capacity curve. The significant advantage of 
the feature is that the peak of the curve is formed due to the plateauing 
of the cell voltage [53]. During constant current charging/discharging 
mode, the IC is calculated using eq. (1). 

IC=
dQ
dV
=

I*dt
dV

(1) 

where, ‘Q’ is the capacity of the cell, ‘V’ is the cell voltage, ‘t’ is sampling 
time and ‘I’ is the cell current.

The IC curve with constant current discharging of the cell is illus
trated in Fig. 3c. With increase in cycles, the curve becomes flat, i.e., the 
peak gradually decreases. The distinctive shape, height, and placement 
of the peak represents the electrochemical reactions that occur when 
batteries are discharged. The loss of active material is the cause of 
decrease in the peak. As the cell ages, the active material is deposited on 
the electrolyte resulting in the formation of solid electrolyte interphase 
(SEI) layer. Thus, the active material can no longer participate in the 
charging/discharging process, thereby decreasing the peak of the IC. 
Hence, peak of the IC curve is an important feature for describing the 
capacity of the cell. Similarly, the voltage at which the peak occurs re
duces with increase in cycles. This feature also has an important bearing 
on the capacity of the cell.

2.4. State of health

The state of health of the cell is defined as the ratio of available ca
pacity at an instance to the initial maximum capacity. Equation (2) is 
used to calculate the state of health of a cell. A decrease in battery ca
pacity and an increase in internal resistance can result from lithium-ion 
battery depletion. It is commonly accepted that a battery has reached the 
end of its useful life when its current available capacity falls to 80 % of 
its original capacity. Fig. 4 shows the state of health of the cells used in 
this study. 

SOH=
Qcurrent

Qinitial
(2) 

where ‘Qcurrent’ and ‘Qinitial’ are the current and initial maximum 
available capacity.

2.5. Data preprocessing

The data gathered during cycling of the cell may be noisy which will 
result in improper training of the model, thereby decreasing its predic
tion accuracy. It is therefore necessary to process the data before feeding 
it to the model. In this study, the data was first unified, then normalized, 
partitioned and finally stored in a format that can be easily fed to the 
model.

The lengths of the timestamp-based data can vary depending on the 
signals that are collected several times in each cycle. Thus, it is necessary 
to unify the data benchmark. As discussed previously, the charge voltage 
and discharge voltage are turned in matrices of size 100 × 1. The scalers, 
namely, charge time, discharge time, peak of the discharge IC curve, 
voltage at which the peak of the IC curves, were measured only once per 
cycle. Also, the state of health of the cell was recorded only once per 
cycle.

Thus, for the single cycle of each cell, the following expression can be 
derived: 

DMk
i =
[
Ch vk

i ,Dh vk
i , chtk

i , dhtk
i , pdq dvk

i , vdq dvk
i , SOHk

i

]
,

k ∈ {1,2, 3,…,7} (3) 

Where Ch vk
i , and Dh vk

i are the vectors denoting the charge and 
discharge voltage, respectively. chtki , dhtk

i , pdq dvk
i , vdq dvk

i , and SOHk
i 

are the scaler quantities denoting charging time, discharging time, peak 
of the IC curve, voltage at which the peak occurs and the state of health 
of the cell, respectively.

If the model is fed directly with the numerical data, it may lead to 
large gradients which may slow down the learning ultimately resulting 
in divergence. Moreover, the ability to generalize about other data is 
diminished when the model learns too much about the distribution 
properties of non-normalized data. Thus, the input data was converted 
into dimensionless data so that the influence of the dimensions and the 
magnitude of the data can be neutralized. This way the relative rela
tionship while generalizing the statistical distribution of the data can be 
preserved and still make them comparable. Hence, mean - standard 
deviation algorithm was used for standardizing the input data using 
equation (4). 

z=
x − μ

σ (4) 

where ‘z’ is the standard score, ‘μ’ is the mean of the given distribution 
and ‘σ’ is the standard deviation of the given distribution.

Next the existing dataset was divided into training and testing 
dataset. The training set was used to training the model by calculating 
the gradients and updating biases and weights used in the model. While 
the test set can be used to assess how well the model generalizes; it is 
mutually exclusive with the training set. In the present study, the cells 
with cell-id, Cell1, Cell3, Cell4, Cell6 and Cell7 were used for training 
the models while Cell2 and Cell5 were used for testing the model.

Lastly, the processed data must be stored on the hard disk in a file 
format which can be read by the model at high speeds. Thus, the data of 
each cell was stored as a linearly readable file in tensor flow record 
format (TFRF). In order to make more effective use of memory, the TFRF 
represents a {′string′: value} mapping and is capable of serializing 
structured data effectively. A noteworthy advantage of this format above 
others is that large amount of data can be parallelly fed to the model.

3. Methodology

In this study, the models were developed with CNN, TCN and LSTM, 
the relevant theories behind these algorithms is described in the up
coming sub-sections.

Fig. 4. State of health of the cells.
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3.1. Convolutional neural network

It is a feed-forward deep neural network containing one or more 
convolutional layers. It is a classical deep-learning algorithm with ap
plications in image recognition, computer vision and natural language 
processing, etc. [54]. In general the network consists of one input layer, 
multiple convolutional layers, sub-sampling layers, fully connected 
layers and an output layer.

3.1.1. Convolution layer
The core of the neural network is the convolutional layer that ex

tracts features from the input layer or lower-level feature maps (FM) 
(Fig. 5). Convolutional kernels are present in the convolutional layer. 
Every element of the kernel has a bias and a weight coefficient. By 
connecting each convolutional kernel to the previous layer a receptive 
field of certain size can be obtained. Then the elements of the input 

features present within the feature map are matrix multiplied with the 
weights and summed up, which in turn is finally added to a bias. 
Equation (5) represents the calculation carried out. 

Fig. 5. A general convolution network hierarchy.

Fig. 6. (a) Standard convolution block with ‘3’ kernel size; (b) causal convolution block with ‘3’ kernel size and (c) dilated causal convolution ‘2’ kernel size and ‘2’ 
dilation rate [58].

Fig. 7. Extended convolution of TCN network [4].

Fig. 8. Residual block [64].
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Z(l+1)(i, j)= f

(
∑K

k=1
Zl(i, j)⊗ω(l+1)

k + b(l+1)

)

(5) 

where ‘Zl(i,j)’ and ‘Z(l+1)(i,j)’ denote the input and output of the ‘l’th and 
‘l+1’th layer, respectively. ‘ωk

(l+1)’ is the neuron weight at the ‘l+1’th 

layer. The convolutional kernels are actually these neurons. The 
subscript ‘k’ denotes the ‘kth’ convolutional kernel. ‘K’ represents the 
number of the convolutional kernels in a layer and ‘b(l+1)’ is the bias in 
the ‘l+1’th layer. The symbol ‘⊗’ represents the covolutional operation 
while ‘f(⋅)’ denotes the activation function. In this study rectified linear 
unit (ReLU) was used as the activation function.

The size of the kernel, stride and padding determine the size of the 
feature map at the output of the convolution layer. Any value less than 
the size of the input data can be used to specify the size of the convo
lution kernel. Kernel with large size allows for more complicated input 
feature extraction. The kernel’s stride determines how far it travels 
during each sweep. As the convolution layers are the stacked, the feature 

Fig. 9. (a) RNN and (b) LSTM [4].

Fig. 10. Schematic of BiLSTM network [67].

Fig. 11. Proposed framework.

Table 2 
Range of Hyperparameters for optimization.

Hyperparamaters CNN TCN CNN-LSTM TCN-LSTM CNN-biLSTM TCN-biLSTM

Number of filters in TCN or CNN (Nf) 20, 40 20, 40 20, 40 20, 40 20, 40 20, 40
Kernel size of CNN or TCN (Ks) 4, 10 2, 10 4, 10 2, 10 4, 10 2, 10
Number of strides in CNN (Ns) 1, 4 – 1, 4 – 1, 4 –
Number of units in the LSTM/BiLSTM layer (UL) – – 100, 140 100, 140 100, 140 100, 140
Number of units in the Dense layer (UD) 20, 40 20, 40 20, 40 20, 40 20, 40 20, 40
Dropout rate CNN or TCN (Dr) 0.3, 0.6 0.3, 0.6 0.3, 0.6 0.3, 0.6 0.3, 0.6 0.3, 0.6
Dropout rate LSTM/BiLSTM (DL) – – 0.3, 0.6 0.3, 0.6 0.3, 0.6 0.3, 0.6
Batch size (Bs) 28, 38 28, 38 28, 38 28, 38 28, 38 28, 38
Learning rate (Lr) 0.0001, 0.00015 0.0001, 0.00015 0.0001, 0.00015 0.0001, 0.00015 0.0001, 0.00015 0.0001, 0.00015
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map will become smaller. Hence, it is necessary to increase the feature 
map size before convolution which can be carried out by providing 
padding. The padding can be either ‘same’ or ‘valid’. The term ‘same 

padding’ refers to the use of sufficient padding to maintain the same size 
feature maps for the input and output. On the other hand, the ‘valid 
padding’ only covers the actual input and does not include any artificial 
zero-padding.

Now, suppose the size of the input data is ‘D × D’, the size of the 
convolution kernel is ‘K × K’, the stride is ‘S’, the padding is ‘P’ and 
output feature map size after convolution is ‘F × F’, then equation (6)
must be satisfied. 

F=
⌊
D − K+ (2*P)

S
+1
⌋

(6) 

In the above equation, when the internal number is a decimal, the 
fractional component is eliminated and just the integer part is kept, as 
indicated by the rounding down symbol ⌊⋅ ⋅⋅⌋.

3.1.2. Pooling layer
Between two consecutive convolution layers, a sub-sampling layer 

also known as pooling layer is included. By sub-sampling the feature 
map derived from the convolution, it can decrease the number of 
network parameters, speed up calculation, and along with overfitting it 
can also reduce the dimensions of the data. ‘Max’ and ‘mean’ pooling are 
the generally used pooling methods. Equation (7) represents the 
expression for the pooling method. 

Fig. 12. Spearman correlation analysis.

Table 3 
Optimized hyperparameters of CNN and TCN.

Hyperparamaters CNN CNN CNN TCN TCN TCN

1 layer 2 layer 3 layer 1 layer 2 layer 3 layer

Nf 39 31 39 28 20 32
Ks 7 7 7 4 9 8
Ns 3 3 3 – – –
UD 28 24 28 22 38 30
Dr 0.3711 0.5634 0.3711 0.5848 0.4072 0.3160
Bs 34 34 34 34 34 29
Lr 0.0001452 0.0001208 0.0001452 0.0001225 0.0001454 0.0001287

Table 4 
Optimized hyperparameters of CNN and TCN with LSTM.

Hyperparamaters CNN CNN CNN TCN TCN TCN

1 layer LSTM 2 layer LSTM 3 layer LSTM 1 layer LSTM 2 layer LSTM 3 layer LSTM

Nf 38 38 38 35 29 31
Ks 8 8 8 8 10 9
Ns 1 1 1 – – –
UL 110 110 110 107 114 110
UD 20 20 20 23 38 20
Dr 0.3078 0.3078 0.3078 0.4193 0.5253 0.3085
DL 0.3085 0.3085 0.3085 0.5422 0.4871 0.3078
Bs 33 33 33 31 37 33
Lr 0.0001430 0.0001430 0.0001430 0.0001464 0.0001135 0.0001430

Table 5 
Optimized Hyperparameters of CNN and TCN with biLSTM.

Hyperparamaters CNN CNN CNN TCN TCN TCN

1 layer biLSTM 2 layer biLSTM 3 layer biLSTM 1 layer biLSTM 2 layer biLSTM 3 layer biLSTM

Nf 23 28 40 31 38 39
Ks 5 4 7 9 5 9
Ns 3 3 2 – – –
UL 135 123 111 110 125 130
UD 39 33 31 20 38 31
Dr 0.394 0.454 0.523 0.3085 0.3008 0.3757
DL 0.507 0.583 0.501 0.3079 0.4721 0.3609
Bs 29 29 32 33 33 34
Lr 0.0001447 0.0001451 0.0001033 0.0001430 0.000116 0.000109
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y(i, j)k=

⎡

⎣
∑

(m,n)∈Ri,j

(o(m, n)k)
p

⎤

⎦

1/p

(7) 

where ‘y(i, j)k’ is the pooling operator output at the position ‘i, j’ of the 
‘kth’ feature map. ‘o (m, n)k’ is the eigen value at the position ‘m, n’ of 
the pooling region ‘Ri,j’ in the ‘kth’ feature map. When ‘p’ tends to in
finity, the output is ‘max’ pooling, while when ‘p’ is equal to ‘1’, it is 
known as mean pooling.

Suppose the size of the input feature map of the pooling layer is ‘D ×
D’, the size of the convolution kernel is ‘K × K’, the stride is ‘S’, and 
output feature map size after pooling is ‘F × F’, then equation (8) must 
be satisfied. 

F=
⌊
D − K

S
+ 1
⌋

(8) 

As discussed earlier, the symbol ⌊⋅ ⋅⋅⌋ refers to rounding of the output to 
the nearest integer.

3.2. Temporal convolutional network

Using a hierarchy of convolutional filters, the TCN technique was 
first created to investigate long-range patterns (Fig. 6a) [55]. The 
important attributes of TCNs are: (1) it makes use of causal convolutions 
and (2) the network may map an input pattern of any length to an output 
pattern of the same length, much like in an RNN. Causal convolution is 
employed to prevent previous data from being lost (Fig. 6b) [56]. Let us 
suppose an input sequence X = [x1, x2, x3 …., xT] and output sequence Y 

= [y1, y2, y3 …., yT], the prediction of the output ‘yt’ can be made by the 
causal convolution using the inputs from previous and present time 
steps, i.e., x1, x2, x3 …., xt. In other words, the output ‘yt’ cannot be 
predicted using the future inputs, i.e., xt+1, xt+2, xt+3, ….., xT. Zero 
padding is used to make certain that the dimensions of the output and 
the input are equal. To determine causality, padding is done asymmet
rically to the left.

For modelling time-series data having long-term dependencies, large 
receptive field is typically needed. If the size of the receptive field is to be 
increased, then either very large filters or an extensive array of convo
lution layers is required. Both the options, however, are computationally 
inefficient [57]. Dilating the filters is one of the ways of overcoming the 
problem (Fig. 6c). The kernel can be enlarged by dilated convolution, by 
creating gaps between the inputs. A ‘k’ sized convolution filter and ‘d’ 
dilation factor convolution layer can look ‘d*(k-1)’ time steps into the 
past. Here is the formulation of the whole dilated causal convolution 
process over successive layers [58]: 

Zt
l = f

(
∑K− 1

k=0
Z(t− (k*d))
(l− 1) *ωk

l + bl

)

(9) 

Where ‘Zt
l ’ is the neuron output at position ‘t’ in the kth layer, ‘K’ is the 

convolutional kernel size, ‘ωk
l ’ is weight at position ‘k’, ‘d’ is the dilation 

factor and ‘bl’ is the bias term. ‘f(⋅)’ denotes the activation function. In 
this study rectified linear unit (ReLU) was used as the activation func
tion. Another way to increase the receptive field of the network is to join 
several TCN blocks (Fig. 7) [59]. For the first layer, the dilation factor is 
set to 1, which is exponentially increased for the next layer. This is to 

Fig. 13. Performance of various models for Cell 1.
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guarantee that the receptive field can handle all inputs. Furthermore, 
the receptive field’s size grows exponentially with depth. Due to this, 
fewer layers are needed than a traditional convolution to attain the same 
receptive field size. Nevertheless, this results in deeper structures with a 
lot more parameters, which makes the learning process more difficult 
because of the increasing/vanishing gradient issue. Connecting the 
output of the TCN block to a residue block will result in the improvement 
in the training of the model [60]. The residue block’s inputs are sup
plemented with the outputs of the last dilated convolution layer (Fig. 8). 
The subsequent residue block then uses the results as its inputs. Abdi and 
Nahavandi [61] utilized skip connections in residue blocks resulting in 
the enhancement of the training stability by maintaining the gradient’s 
norm. To guarantee that the residual block inputs and outputs on the 
skip connection have the same size, the inputs can optionally be trans
formed using a 1 × 1 convolution. Two sub-blocks are present in every 
residue block, layered on top of one another [62]. A stacked dilated 
causal convolution layer, a ‘ReLU’ activation function, and a dropout 
layer make up each sub-block. Batch or weighted normalization can also 
be included in the dilated causal convolution layer.

TCNs are ideal for deep learning complicated time series problems 
due to the above-mentioned unique properties. Similar to RNN, TCN can 
manage inputs with varied lengths by sliding the causal convolutional 
kernel in one dimension. Furthermore, due to their shared convolution 
architecture, which enables them to analyze lengthy sequences in par
allel, TCNs are more memory efficient than RNNs. Higher computation 
times are caused by RNNs’ sequential processing of the input sequences. 
Additionally, TCNs are trained using the normal backpropagation 
technique, which spares them from the gradient issues associated with 

RNNs’ usage of the backpropagation-through-time algorithm (BPTT) 
[63].

3.3. Long short-term memory network

The LSTM network is a type of RNN that is often used for modelling 
time-series data. The creation of gate-controlled memory units in LSTM 
addresses the gradient disappearing and erupting problems that are 
frequently present in conventional RNNs (Fig. 9a). Longer time series 
can also be remembered by the network due to this design. The LSTM 
network along with an external recurrent has an internal memory 
recurrent unit, which consists of gating unit. The network is depicted in 
Fig. 9b. During training, the forget, input, and output gate combine to 
allow the network to write data to the memory cell while forgetting 
some irrelevant details.

In LSTM, the input data ‘xt’ at the current moment ‘t’ is combined 
with ‘ht-1’, which is the output of the previous moment ‘t-1’. The 
combine input data is known as ‘xc’. The hyperbolic tangent function 
denoted as ‘tanh’ layer then squeezes the amalgamated input. The 
resultant squeezed value, designated as candidate memory cell ‘̃ct’ next 
will be multiplied by the input gate’s computed value. The result is then 
sent to the memory unit. Concurrently, an additional combined input is 
supplied to the forget gate and multiplied by the memory unit’s last 
iteration state, ‘ct− 1’. Similarly, this result is also transmitted to the 
memory unit. After the memory unit processes these two inputs, a ‘tanh’ 
layer will squeeze them once more. In the end, the data obtained from 
the squeezed layer is multiplied with the input data processed by the 
output gate resulting in the yield of the output ‘ℎt’.

Fig. 14. Performance of various models for Cell 2.
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The input gate makes the decisions about which input values should 
be used and whether or not to accept fresh inputs. The input gate, 
expressed by eq. (10), is a sigmoid activation function adopted layer. 

it = σ(ωxi*xt +ωhi*ht− 1 + bi) (10) 

where ‘σ’ is the sigmoid function, ‘ωxi’ and ‘ωhi’ are the weights of the 
input at the current moment and the output of the previous moment, 
respectively, at the input gate, while ‘bi’ is the bias at the input gate. The 
memory cell candidate is calculated using eq. 11

c̃t = tan h(ωxc*xt +ωhc*ht− 1 + bc) (11) 

The forget gate determines the relevance of information and whether 
it should be iterated to the next loop, as well as how many pieces to 
retain. The layer also uses sigmoid function as the activation function 
whose output is between 0 and 1. Zero in forget gate means that the 
information is not useful and can be rejected, while one means that the 
information is used in its entirety. Equation (12) is used for the calcu
lating the output of the forget gate. 

ft = σ
(
ωxf *xt +ωhf *ht− 1 + bf

)
(12) 

The memory unit can now be calculated using equation (13). 

ct = ft ⊙ ct− 1 + it ⊙ c̃t (13) 

where ‘⊙’ symbolises the multiplication of the elements one-by-one. 
Sigmoid function is also used by the output gate. Eq. (14) is used for 
calculating the output of the output gate. 

ot = σ(ωxo*xt +ωho*ht− 1+ bo) (14) 

The output of the LSTM can be calculated using equation (15). 

ht = ot ⊙ tanh (ct) (15) 

where ‘ht’ is the output of the LSTM at the current moment. It can thus be 
seen that the memory cell and output gate work together to provide this 
combined operation outcome.

3.4. Bi-directional LSTM network

Although LSTM outperforms RNN, it can only handle past informa
tion sequentially. In contrast, BiLSTM (Bi-directional LSTM) also makes 
use of future knowledge. BiLSTM architecture, depicted in Fig. 10, 
shows that it has both forward and backward LSTM layers. The output 
layer processes inputs from both the forward and backward levels 
simultaneously. The network training can be considered as a standard 
uni-directional LSTM since the neurons in the both backward and for
ward networks are not coupled to one another [65].

Consider that the input data for a time duration (1 ≤ t ≤ T) is run 
through the network. The BiLSTM updates the output layer by 

computing the forward hidden layer ( h
→

t), backward hidden layer ( h
←

t), 
and output sequence (yt). The backward layer is iterated from time t = T 
to 1, while the forward layer is iterated from time t = 1 to T. The 
updating of the network can be calculated using equations, 16, 17 and 
18. 

Fig. 15. Performance of various models for Cell 3.
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h
→

t =H
(

W1xt +W2 h
→

t− 1+ b
→
)

(16) 

h
←

t =H
(

W3xt +W5 h
←

t− 1+ b
←
)

(17) 

yt =W4 h
→

t +W6 h
←

t + by (18) 

Where, W’s are the weight coefficient and ‘ b
→

’, ‘ b
←

’ & ‘by’ are the bias 
vectors for equations (16)–(18), respectively. BiLSTM topologies can 
outperform other network designs in specific problem areas. BiLSTMs 
[66] have proven to be effective in speech processing tasks with high 
content importance.

3.5. Fully connected layer

After the last convolution-pooling layer/TCN layer/LSTM layer, a 
fully connected layer is placed in the network. All the features extracted 
earlier are connected and the values are sent to the output layer. Due to 
this connection many feature maps will be generated as the convolu
tional kernels can be of different sizes and numbers. These feature maps 
will be a higher-dimension matrix. Therefore, with the help of flattening 
layer, the feature maps are flattened to a 1D shape and fed to the fully 
connected layer.

4. Experiments and analysis

4.1. Proposed framework

The proposed framework, shown in Fig. 11, contains three modules. 
First is the pre-processing of the data as discussed in the previous sec
tions. Next is the optimization of the hyperparameters using Bayesian 
optimization algorithm, which will be discussed in the next section. The 
last module is the estimation of the cell state-of-health using CNN/TCN 
models along with LSTM network, one dropout layer and dense layer.

The deep learning framework, TensorFlow (TF) was used to build the 
network and its high-level API, Keras, was used for implementing the 
corresponding functions.

4.2. Hyperparameters

The hyperparameters of the network have to be initialized for opti
mum training of the model. For CNN, the number of filters, kernel size, 
number of strides and dropout rate needs to be optimized. The padding 
and pooling methods are also required. For TCN, the number of filters, 
kernels, dropout rate and dilation factor are required. While for LSTM, 
the number of neurons and dropout rate is required. The number of 
neurons in the dense layer, the learning rate and batch size for the model 
are also required to be optimized. All the parameters were optimized 
using Bayesian optimization algorithm. The range of the parameters 
used for optimization is given in Table 2. The Bayesian optimization 
algorithm tunes the hyperparameters of a machine learning model using 
the Gaussian process. It uses the Bayesian formula to derive probabilistic 

Fig. 16. Performance of various models for Cell 4.
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understanding of the function distribution by combining sample data 
with prior knowledge about the unknown function. The location of the 
function’s optimal value can then be inferred using this probabilistic 
data. Studies have shown that as compared to other global optimization 
techniques, the Bayesian optimization algorithm performs better [68].

To assess the error between the actual and the predicted value, ‘mean 
square error’ loss was used as the loss function. The learning rate drives 
the network convergence and governs the loss function’s gradient up
date step at each iteration. In the present study, the learning rate for 
optimization was varied from 0.0001 to 0.00015. Another variable that 
may impact the rate and precision of network convergence is the opti
mizer, which uses the gradient descent computation method. More 
recently, in the field of deep learning, the Adaptive Moment Estimation 
(Adam) optimizer has produced improved practical results. The training 
dataset must be split into multiple batches because it cannot be put into 
the network all at once. The quantity of data in each batch is referred to 
as the batch size. In the present study the batch size was varied from 28 
to 38 for optimization. The network after reading all the batches mod
ifies the model parameters by calculating the gradient of the loss func
tion using the optimizer. It is not feasible to obtain the precise model 
parameters in a single update; so, the data must be repeatedly iterated. 
1200 iterations were carried out for each model. As the iteration con
tinues, overfitting will inevitably occur. Here, the dropout technique is 
used to avoid overfitting. The dropout rate of CNN, TCN, LSTM and 
biLSTM was varied from 0.3 to 0.6 for optimization. A model’s perfor
mance is typically expressed as the validation set’s loss, with a smaller 
loss signifying superior performance.

CNN/TCN can extract features from the data that are hidden. Adding 

more layers improves prediction accuracy by extracting deeper corre
lations between data. However, adding layers increases network 
complexity and increases the likelihood of local optimum or even 
overfitting of the model. Therefore, appropriate number of layers should 
be chosen for the model. In this study, the number of layers in CNN and 
TCN were varied from 1 to 3.

4.3. Evaluating the model

After completion of training of the model, both the training and the 
testing dataset are fed to the model for estimating the state of health of 
cell. The mean absolute error (MAE), mean absolute percentage error 
(MAPE), root mean square error (RMSE) and goodness of fit (R2). 
Equations (16)–(19) were used to calculate the MAE, MAPE, RMSE and 
R2, respectively. 

MAE=
1
n
∑n

i=1
|yi − ýi| (16) 

MAPE=
1
n
∑n

i=1

⃒
⃒
⃒
⃒
yi − ýi

yi

⃒
⃒
⃒
⃒ (17) 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ýi)

2

√

(18) 

Fig. 17. Performance of various models for Cell 5.

A. Sonthalia et al.                                                                                                                                                                                                                              Energy 317 (2025) 134569 

14 



R2=1 −

∑n

i=1
(yi − ýi)

2

∑n

i=1
(y − ýi)

2
(19) 

Where ‘n’ denotes the number of samples, ‘yi’ denotes the true value, 
‘ýi’denotes the predicted value and ‘y’ denotes the mean value.

5. Results and discussion

5.1. Feature analysis

While testing a lithium-ion cell, data for a number of parameters is 
generated. If all the data is utilized for training a model then its effi
ciency may be greatly reduced. Therefore, it is necessary to analyze the 
parameters and select the ones which have a strong correlation with the 
state of health of the lithium ion battery. The features used for the 
analysis were charge time, discharge time, peak of the discharge IC 
curve and the voltage at which the peak occurs.

Selecting the correct analysis method for correlation is also neces
sary. Commonly used methods are Pearson and Spearman. Pearson 
method is useful for linear correlations, while Spearman is useful for 
non-linear correlations. The relationships among the parameters of a 
lithium-ion battery are non-linear. Hence, the Spearman correlation 
method was used in this study. The Spearman correlation coefficient can 
be calculated using equation (20). 

R=

∑n

i
(xi − x)(yi − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i
(xi − x)2

∑n

i
(yi − y)2

√ (20) 

Where ‘n’ is sample size and ‘xi’, ‘yi’, ‘x’ and ‘y’ are the values and means 
of the parameters, respectively. Fig. 12 shows the coefficients for the 
parameters used in this study. For calculating the coefficients both the 
training and the test set was considered. All the parameters have positive 
correlation with the state of heatlh of the battery, i.e., changes in these 
parameters will have an effect on the health of the battery. Another 
interesting fact is that the discharge time and both the parameters of IC 
curve are highly correlated with each other. This shows that if the peak 
of the IC curve decreases or the voltage at which the peak occurs de
creases, the discharge time decreases. On the other hand the three pa
rameters have a negative correlation with battery charging time, i.e., the 
charging time increases with decrease in peak of the IC curve.

5.2. Hyperparameter optimization

To get the best performance from all the models trained in this study, 
the hyperparameters need to be optimized individually for the models. 
The hyperparameters namely number of filters, kernel size, number of 
strides, number of units in LSTM/biLSTM, number of units in dense 
layer, dropout rate, batch size and learning rate were optimized using 
Bayesian optimization algorithm. A maximum of 24 evaluations were 
carried out for finding the optimized hyperparameters of all the models. 

Fig. 18. Performance of various models for Cell 6.
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Tables 3–5 tabulates the optimized hyperparameters for CNN/TCN 
without and with LSTM/biLSTM. The mean absolute percentage error of 
the whole dataset was chosen as the criteria for optimizing the hyper
parameters. To avoid overfitting, every epoch the data was randomly 
shuffled. Also, the TCN’s dilation factor was manually optimized to Refs. 
[1,2,4,8,12].

5.3. State of health estimation

The prediction of state of health of the cells using the different 
models is shown in Figs. 13–19. While all models can capture the fluc
tuation characteristics of SOH, the absolute error increases when SOH 
fluctuates due to the difficulty in identifying features under these situ
ations. The least fluctuations were found in CNN 3-layer biLSTM model. 
The results of R2, RMSE and MAPE with the six tested cells for all the 
models is given in Table 6. The R2 value for training cells varied from 
− 4.74 (Cell 6) with TCN 1-layer to 0.9994 (Cell 7) with CNN 3-layer 
biLSTM. While the value varied from − 2.138 (Cell 2) with TCN 1- 
layer with to 0.992 (Cell 5) with CNN 3-layer biLSTM for the test set. 
The negative value indicates that the model is poorly trained and is not 
suitable for prediction. The values of R2 closer to 1 are considered the 
best. The model trained with CNN 3-layer LSTM and CNN 3-layer 
biLSTM architecture resulted in R2 values closer to 1. The mean abso
lute percentage error for the training set varied from 0.317 (Cell 1) with 
TCN 1-layer to 0.0040 (Cell 6) with CNN 3-layer biLSTM. For the test set 
the MAPE varied from 0.265 (Cell 5) with TCN 2-layer to 0.011 (Cell 5) 
with CNN 3-layer biLSTM. The lower the value of MAPE, the better the 
model. It can be seen that CNN 3-layer LSTM and CNN 3-layer biLSTM 

resulted in lowest values of MAPE for both the training and the test set. 
The RMSE for the test set varied from 0.219 (Cell 2) with TCN 2-layer to 
0.010 (Cell 5) with CNN 3-layer LSTM. While the RMSE for the training 
set varied from 0.262 (Cell 1) with TCN 2-layer to 0.0032 (Cell 6) with 
CNN 3-layer LSTM. Overall, the accuracies of the cells used for training 
and testing is nearly similar. The results further reveal that the models 
can accurately predict the state of health below 80 % as well.

Fig. 20 depicts the RMSE of overall, training & test dataset and 
overall R2 value. The overall RSME was found to be lowest with CNN 3- 
layer LSTM model. It was found to be 26.72, 33.55, 18.78, 37.18, 25.69, 
13.28, 2.75, 0.28, 4.96, 3.29, 2.75, 21.69, 8.1, 3.1, 6.78, 12.8 and 7.65 
times lower than CNN 1-layer, CNN 2-layer, CNN 3-layer, TCN 1-layer, 
TCN 2-layer, TCN 3-layer, CNN 1-layer LSTM, CNN 2-layer LSTM, TCN 
1-layer LSTM, TCN 2-layer LSTM, TCN 3-layer LSTM, CNN 1-layer 
biLSTM, CNN 2-layer biLSTM, CNN 3-layer biLSTM, TCN 1-layer 
biLSTM, TCN 2-layer biLSTM, and TCN 3-layer biLSTM, respectively. 
The overall R2 value was found to be the highest with CNN 2-layer 
LSTM, CNN 3-layer LSTM and CNN 3-layer biLSTM. Moreover, the R2 

value for training and test dataset with CNN 2-layer LSTM and CNN 3- 
layer LSTM were found to be similar. Whereas, the R2 value for test 
dataset with CNN 3-layer biLSTM was found to be low. Thus, showing 
that the model had lower accuracy in predicting the state of health from 
unknown data. The training loss and validation loss for CNN 2- layer and 
3-layer with LSTM is shown in Fig. 21. The figure reveals that the 
training loss is lower than the validation loss i.e., the model is slightly 
overfitting. Also, the validation loss diverges with CNN 2-layer LSTM 
architecture. The maximum R2 of 0.993 was achieved with CNN 3-layer 
LSTM model. The RMSE and MAPE value with the model was 0.014 and 

Fig. 19. Performance of various models for Cell 7.
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0.011. While the lowest R2 (− 0.689) value was obtained with TCN 2- 
layer model and RMSE & MAPE values were highest.

5.4. Feature analysis

In the previous section, CNN 3-layer LSTM was found to be the best 
model for estimating the state of health of lithium-ion cells. For un
derstanding the effect of features on the model prediction accuracy. A 
feature analysis was carried out using CNN 3-layer LSTM architecture. 
Fig. 22(a–g) shows the comparison of the values predicted by the model 
and the actual value when in Fig. 22a all the features were used, in 
Fig. 22b except charging voltage all the features were considered. 
Similarly, in Fig. 22c discharging voltage was not considered, in Fig. 22d 
charging time was not considered, in Fig. 22e discharging time was not 
considered, in Fig. 22f the parameter, voltage at which peak of IC curve 
occurs was not considered and lastly in Fig. 22g the peak of IC curve was 
not considered. Complete dataset was used for the comparison. The 
figures show that the predicted values are similar to the actual ones, 
except for Fig. 22e and (g) wherein, the model was trained without using 

Table 6 
SOH estimation errors of various models.

Cell Network MAPE R2 RMSE

Cell 1 CNN 1 Layer 0.151647 − 0.24203 0.253104
CNN 1 Layer LSTM 0.01629 0.991459 0.020989
CNN 2 Layer 0.102073 0.807701 0.099591
CNN 2 Layer LSTM 0.004162 0.999056 0.006977
CNN 3 Layer 0.040215 0.953611 0.048915
CNN 3 Layer LSTM 0.007074 0.99851 0.008768
TCN 1 Layer 0.317754 − 0.6805 0.29441
TCN 1 Layer LSTM 0.016726 0.984986 0.027828
TCN 2 Layer 0.293707 − 0.33448 0.262355
TCN 2 Layer LSTM 0.016205 0.995226 0.015692
TCN 3 Layer 0.067702 0.854956 0.086494
TCN 3 Layer LSTM 0.025711 0.988875 0.023954
CNN 1 Layer bilstm 0.030989 0.979414 0.032585
TCN 1 Layer biLSTM 0.021484 0.991051 0.021484
CNN 2 Layer biLSTM 0.021941 0.98088 0.031403
TCN 2 Layer biLSTM 0.027641 0.984607 0.028177
CNN 3 Layer biLSTM 0.004419 0.998912 0.007492
TCN 3 Layer biLSTM 0.016185 0.993733 0.017979

Cell 2 CNN 1 Layer 0.104563 0.264354 0.106104
CNN 1 Layer LSTM 0.038729 0.927596 0.033287
CNN 2 Layer 0.08543 0.580247 0.080148
CNN 2 Layer LSTM 0.048631 0.895475 0.039995
CNN 3 Layer 0.044607 0.872219 0.044221
CNN 3 Layer LSTM 0.041414 0.928305 0.033124
TCN 1 Layer 0.247833 − 2.13162 0.218918
TCN 1 Layer LSTM 0.033518 0.949892 0.027692
TCN 2 Layer 0.219973 − 2.13806 0.219143
TCN 2 Layer LSTM 0.029839 0.949041 0.027926
TCN 3 Layer 0.046544 0.874392 0.043843
TCN 3 Layer LSTM 0.07187 0.795473 0.055946
CNN 1 Layer biLSTM 0.093096 0.611876 0.077069
TCN 1 Layer biLSTM 0.044135 0.918442 0.035329
CNN 2 Layer biLSTM 0.048859 0.889924 0.041043
TCN 2 Layer biLSTM 0.077394 0.758564 0.060785
CNN 3 Layer biLSTM 0.046847 0.911441 0.036814
TCN 3 Layer biLSTM 0.051253 0.891557 0.040738

Cell 3 CNN 1 Layer 0.128139 − 0.0371 0.130582
CNN 1 Layer LSTM 0.021785 0.97178 0.02154
CNN 2 Layer 0.115251 0.356955 0.102824
CNN 2 Layer LSTM 0.005683 0.997958 0.005794
CNN 3 Layer 0.05229 0.869939 0.046243
CNN 3 Layer LSTM 0.006978 0.99642 0.007672
TCN 1 Layer 0.293013 − 3.0498 0.258041
TCN 1 Layer LSTM 0.020493 0.978444 0.018826
TCN 2 Layer 0.276508 − 2.41737 0.237039
TCN 2 Layer LSTM 0.02398 0.973373 0.020924
TCN 3 Layer 0.069998 0.76446 0.062231
TCN 3 Layer LSTM 0.035089 0.947529 0.029372
CNN 1 Layer biLSTM 0.065165 0.768908 0.06164
TCN 1 Layer biLSTM 0.027531 0.966455 0.023485
CNN 2 Layer biLSTM 0.033789 0.935189 0.032644
TCN 2 Layer biLSTM 0.044124 0.903493 0.039834
CNN 3 Layer biLSTM 0.006372 0.997612 0.006266
TCN 3 Layer biLSTM 0.022756 0.969399 0.022431

Cell 4 CNN 1 Layer 0.119367 0.443262 0.108628
CNN 1 Layer LSTM 0.026017 0.977727 0.021728
CNN 2 Layer 0.125915 0.556123 0.096995
CNN 2 Layer LSTM 0.005558 0.99887 0.004894
CNN 3 Layer 0.075763 0.851374 0.056126
CNN 3 Layer LSTM 0.005821 0.998702 0.005245
TCN 1 Layer 0.258304 − 1.22427 0.217125
TCN 1 Layer LSTM 0.018365 0.988164 0.015839
TCN 2 Layer 0.260731 − 1.0556 0.20873
TCN 2 Layer LSTM 0.019524 0.988068 0.015903
TCN 3 Layer 0.074752 0.822347 0.061362
TCN 3 Layer LSTM 0.049175 0.939615 0.035775
CNN 1 Layer biLSTM 0.119229 0.615059 0.090326
TCN 1 Layer biLSTM 0.040444 0.956277 0.030442
CNN 2 Layer biLSTM 0.041402 0.949991 0.032557
TCN 2 Layer biLSTM 0.074103 0.85012 0.056362
CNN 3 Layer biLSTM 0.004349 0.999315 0.003811
TCN 3 Layer biLSTM 0.043671 0.946169 0.033778

Cell 5 CNN 1 Layer 0.129032 0.356202 0.113182
CNN 1 Layer LSTM 0.027533 0.972405 0.023432

Table 6 (continued )

Cell Network MAPE R2 RMSE

CNN 2 Layer 0.132312 0.486774 0.101055
CNN 2 Layer LSTM 0.008905 0.995507 0.009455
CNN 3 Layer 0.076566 0.844913 0.055551
CNN 3 Layer LSTM 0.011323 0.99425 0.010696
TCN 1 Layer 0.258766 − 1.33665 0.215625
TCN 1 Layer LSTM 0.024172 0.977128 0.021333
TCN 2 Layer 0.265304 − 1.25455 0.211803
TCN 2 Layer LSTM 0.027834 0.972988 0.023184
TCN 3 Layer 0.079565 0.789357 0.06474
TCN 3 Layer LSTM 0.048161 0.938006 0.035122
CNN 1 Layer biLSTM 0.134827 0.509723 0.098769
TCN 1 Layer biLSTM 0.042313 0.951023 0.031217
CNN 2 Layer biLSTM 0.043081 0.941963 0.033982
TCN 2 Layer biLSTM 0.077427 0.832873 0.057667
CNN 3 Layer biLSTM 0.011154 0.992247 0.012421
TCN 3 Layer biLSTM 0.046067 0.939991 0.034555

Cell 6 CNN 1 Layer 0.142815 − 0.45007 0.123254
CNN 1 Layer LSTM 0.02055 0.967362 0.018491
CNN 2 Layer 0.087764 0.337815 0.08329
CNN 2 Layer LSTM 0.004529 0.998208 0.004333
CNN 3 Layer 0.047919 0.83952 0.041003
CNN 3 Layer LSTM 0.003058 0.998966 0.003291
TCN 1 Layer 0.294378 − 4.7412 0.245249
TCN 1 Layer LSTM 0.011609 0.988613 0.010922
TCN 2 Layer 0.284836 − 4.17809 0.232911
TCN 2 Layer LSTM 0.017274 0.979297 0.014727
TCN 3 Layer 0.053961 0.743158 0.051873
TCN 3 Layer LSTM 0.032342 0.929225 0.02723
CNN 1 Layer biLSTM 0.0649 0.657898 0.059866
TCN 1 Layer biLSTM 0.022139 0.964624 0.019251
CNN 2 Layer biLSTM 0.022031 0.955142 0.021678
TCN 2 Layer biLSTM 0.036465 0.888791 0.034133
CNN 3 Layer biLSTM 0.004083 0.998341 0.004169
TCN 3 Layer biLSTM 0.021834 0.959042 0.020715

Cell 7 CNN 1 Layer 0.143152 0.727939 0.105557
CNN 1 Layer LSTM 0.02248 0.995002 0.014308
CNN 2 Layer 0.234344 0.577292 0.131575
CNN 2 Layer LSTM 0.006489 0.999418 0.004884
CNN 3 Layer 0.136293 0.861527 0.075307
CNN 3 Layer LSTM 0.005166 0.999646 0.003807
TCN 1 Layer 0.276393 − 0.05102 0.207472
TCN 1 Layer LSTM 0.019171 0.994845 0.014531
TCN 2 Layer 0.243787 0.059884 0.19622
TCN 2 Layer LSTM 0.057952 0.969096 0.035577
TCN 3 Layer 0.112763 0.889374 0.06731
TCN 3 Layer LSTM 0.057426 0.970504 0.034757
CNN 1 Layer biLSTM 0.238318 0.559252 0.134353
TCN 1 Layer biLSTM 0.06675 0.965135 0.037788
CNN 2 Layer biLSTM 0.071527 0.958236 0.041358
TCN 2 Layer biLSTM 0.12446 0.878092 0.070659
CNN 3 Layer biLSTM 0.007418 0.999419 0.004877
TCN 3 Layer biLSTM 0.080104 0.949047 0.045681
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discharge time and peak of discharge IC curve as a feature. Fig. 23 also 
shows that the absolute percentage error was highest with discharging 
time. Moreover, the number of outliers was also maximum. As seen in 
Fig. 12, discharge time and peak of the IC curve had the maximum 
correlation with SOH. Thus, the accuracy of the model was affected 
when the features were not considered. Further, it is seen that without 
the feature discharge time the prediction accuracy of the model below 
an SOH of 0.7 is low. Generally, the lithium-ion cells are not used when 
their SOH reduces to 0.8.

Charging time had a moderate correlation with SOH. Thus, its effect 
on the accuracy of the model was also minimum. Fig. 24 compares the 
RMSE, MAPE and R2 value of the models. The maximum R2 value of 
0.993 was achieved when all the parameters were considered. While the 
variation between RMSE, MAPE and R2 for model with all the features 

and model without discharging voltage or charging voltage was similar. 
Thus, a model with either charging or discharging voltage can be used 
with negligible losses in accuracy. The other parameters as seen in 
Fig. 24 also had an effect on the statistical parameters. The lowest R2 was 
observed with peak of discharge IC curve followed by discharging time 
which corroborates with Fig. 22.

6. Comparison with other published studies

The method proposed in this study was compared with the methods 
available in the literature on the basis of RMSE and MAPE values. The 
models used for benchmarking were given by Chen et al. [38], Li et al. 
[4], Lin et al. [44], Li et al. [39], and Deng et al. [69]. The models have 
used varied methods for predicting the state of health of lithium-ion 
batteries. The chemistry of the cells considered in these models was 
also different. The benchmark models are discussed below. 

1) Benchmark 1

Chen et al. [38] considered NCA and NCM cathode materials for 
evaluating a CNN model. A transfer learning-based CNN model was also 
used by the authors for predicting the SOH. Partial current and differ
ential current was used as input to the model. The best accuracy of the 
study is mentioned in Table 7. 

2) Benchmark 2

NASA and Oxford University dataset was used for predicting the state 
of health by Li et al. [4]. Both the databases were separately used for 
training the model. The authors used CNN, TCN and LSTM based 
models. Voltage, current, temperature, capacity and time were consid
ered as input to the model. The hyperparameters were optimized by the 
authors. The best accuracy of the study is tabulated in Table 7. 

3) Benchmark 3

In benchmark 3, differential thermal capacity parameter based on 
current, voltage and temperature was used as a feature for estimating 
the state of health of lithium-ion battery used by the researchers of 
Oxford [44]. A fusion model consisting of simulated annealing algo
rithm and support vector regression was used for the prediction. Table 7, 
shows the best accuracy of the study. 

4) Benchmark 4

Fig. 20. Overall performance of (a) CNN/TCN; (b) CNN/TCN with LSTM and 
(c) CNN/TCN with biLSTM.

Fig. 21. Loss for CNN 3- and 2-layer with LSTM
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Fig. 22. Variation in predicted SOH for (a) all the parameters (b) without charging voltage (c) without discharging voltage (d) without charging time (e) without 
discharging time (f) without voltage at which peak ICA occurs and (g) without peak value of ICA.
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Li et al. [39] trained a deep neural network with electrochemical 
impedance spectroscopy database created at ambient temperatures of 
25, 35, and 45 ◦C. The authors used 12 Eunicell LR2032 lithium-ion coin 
cells for the preparing the dataset. The best results shown in Table 7
were achieved when the deep learning and transfer learning was com
bined for 25, and 35 ◦C datasets. 

5) Benchmark 5

Deng et al. [69] used the MIT dataset for predicting the state of 
health of LFP batteries. The authors used four features derived from the 
discharge capacity of the cell. The authors compared the accuracy of 
SVM, RVM, GPR and LSTM models. The best results were observed with 
LSTM model and the values are tabulated in Table 7.

Comparison between the proposed model and the benchmark model 
shows that the proposed model outperforms all the benchmark models 
by a large margin. Compared with benchmark 2, the RMSE of the pro
posed model was 97 % lower while MAPE was 85.7 % lower. The 
improvement in performance can be attributed to the combination of the 
use of scalar data as well as vector data of discharge and charge voltage. 
The combination of CNN and LSTM can well extract the features from 
the given parameters resulting in improved performance of the model. 
The other advantage of this method is that the SOH can be predicted 
from the first cycle itself.

7. Advantages and limitations

The method proposed in this study utilizes only voltage and current 
data of a cycle for accurate prediction of state of health of a lithium-ion 
cell. The derived incremental capacity curve used as input to the model 
succinctly reflects the electrochemical ageing of the cell. Most of the 
battery management systems used in various applications can provide 
only voltage and current data with respect to time. Thus, the major 
advantage of the proposed method is, it can be used in industrial ap
plications. Secondly, the deep learning model was trained without the 
need of an expert in the field. Still very high accuracies were achieved 
with the error being less than 2 %.

Although the proposed method has certain advantages, it does have 
disadvantages. Firstly, only one dataset was utilized for training the 
model. Further, work has to be carried out to evaluate its generalization 
ability, i.e., utilizing cells of different chemistries used in various ap
plications. Also, the dataset of the cells charged and discharged at 
various rates and the experiments carried out at different ambient 
temperatures can be used for generalization of the model. Secondly, in 
real-time applications, it is not necessary that the cell is completely 
charged and discharged in a cycle. It may so happen that the cell is 
partially charged or partially discharged. In such scenarios the predic
tion accuracy of the model may be low. Finally, such models cannot be 
used on low cost and power devices, thus hindering their usage in real- 
time applications.

8. Conclusion

In this study deep learning algorithms namely CNN, TCN, LSTM and 
Bi-LSTM and their combinations were compared for predicting the state 
of health of the prismatic cell dataset provided by the University of 
Maryland. A parallel hybrid network was developed for extracting the 
associations between time-dependent vector and scalar battery features 
and the cell state of health. To understand the correlation among the 
features Spearman correlation coefficient was used. The Spearman 
correlation coefficient revealed that all the parameters had positive 
correlation with the state of health of a lithium-ion cell. The features also 
had a high correlation amongst each other as well. The next objective 
was to find the architecture that best predicts the state of health. In this 
regard, the number of CNN and TCN layers were varied along with LSTM 
and Bi-LSTM. Further, the hyperparameters such as convolutional 
kernel, stride, filter, number of units in LSTM and dense layers and 
dropout rate after CNN/TCN layer and LSTM were optimized. Bayesian 
optimization algorithm was used for the optimization. The accuracy of 
the models in predicting SOH with multiple layers of CNN and TCN 
without LSTM and Bi-LSTM was very low. The lowest R2 value of 0.292 
was observed with TCN 1-layer model and the maximum R2 value of 0.9 
was observed with TCN 3-layer model. Combining CNN and TCN with 
bi-directional LSTM further improved the prediction accuracy. The 
lowest R2 value of 0.75 was observed with CNN 1-layer model while the 

Fig. 23. Box plot of absolute percentage error with various features.

Fig. 24. Statistical comparison with various features.

Table 7 
Comparison with benchmarks in terms of prediction accuracy.

RMSE (%) MAPE (%)

Proposed model 0.014 0.01
Benchmark 1 2.25 1.85
Benchmark 2 0.11 0.07
Benchmark 3 0.66 0.55
Benchmark 4 0.026 (MSE) 0.128 (MAE)
Benchmark 5 1.37 1.21
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highest value of 0.99 was observed with CNN 3-layer model. When 
LSTM was combined with CNN and TCN, the overall R2 value for the 
models varied from 0.982 to 0.9996. Overall, CNN and TCN model with 
LSTM and biLSTM resulted in good performance for predicting the cell 
state of health. However, the accuracy of the CNN 3-layer LSTM model 
in predicting the SOH of unknown dataset was found to be the best. 
Thus, the CNN 3-layer LSTM was selected as the best model.

To deduce the impact of features on the model prediction accuracy a 
feature sensitivity analysis was carried out. CNN 3-layer LSTM model 
was chosen for the analysis. The model was retrained with removing one 
feature at a time. The accuracy of the model was affected when either 
discharging current or the peak of the discharge IC curve feature was 
removed. Since, both the features have high correlation with SOH, the 
accuracy was affected. Moreover, the accuracy of the model without the 
vectors charging voltage or discharging voltage was slightly affected. 
Thus, either of the two vectors can be used as an input to the model. 
Lastly, the present model was compared with benchmark models present 
in the literature. The authors found that the present model had the best 
accuracy in terms of RMSE and MAPE. As compared to the benchmark 
(Benchmark 2) with lowest values, the present model had a 97 % lower 
RMSE and 87.5 % lower MAPE.

The potential areas for future work are 1) generalization of the 
proposed model using transfer learning such that SOH prediction for any 
type of cell cycled under different ambient conditions can be made; 2) 
cases where the cell is partially charged or discharged will be explored 
with the proposed method; and 3) feasibility of using low-cost and 
power devices for implementing the proposed method in real-time 
applications.
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