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Abstract 

 

Reliable State of Health (SOH) estimation is 

essential for enhancing the safety, operational 

reliability, and service life of lithium-ion batteries 

within Battery Management Systems (BMS). This 

study proposes a hybrid Convolutional Neural 

Network–Long Short-Term Memory (CNN–LSTM) 

model for SOH estimation using the CALCE-2 

Battery Degradation Dataset. The battery data were 

preprocessed through cleaning, Min–Max 

normalisation, feature engineering, and sequential 

windowing before model training. The proposed 

CNN–LSTM architecture makes good use of the 

feature extraction ability of CNNs and the temporal 

learning ability of LSTMs to capture complex battery 

degradation patterns from voltage, current, charge 

capacity, discharge capacity, internal resistance, and 

impedance measurements. The model was evaluated 

using the Mean Absolute Error (MAE), Root Mean 

Squared Error (RMSE), and Coefficient of 

Determination (R²). The proposed model achieved an 

MAE of 0.020259, RMSE of 0.024045, and R2 of 

0.875912, indicating an accurate SOH estimation and 

strong agreement between the predicted and 

reference values. The proposed framework offers a 

robust approach for intelligent battery health 

monitoring and predictive maintenance in Battery 

Management Systems (BMS). 

 

Keywords: Lithium-ion battery, State of Health 

(SOH), Battery Management Systems (BMS), 

Convolutional Neural Network (CNN), Long Short-

Term Memory (LSTM), Deep Learning, Hybrid 

CNN-LSTM  

 

I. INTRODUCTION 
 

1.1 Background 

Lithium-ion batteries are widely used in electric 

vehicles, portable electronic devices, and renewable 

energy storage systems because of their high energy 

density, long cycle life, and excellent energy 

efficiency. Their increasing adoption has made 

Battery Management Systems (BMS) essential for 

ensuring safe, reliable, and efficient battery 

operation. One of the most important functions of a 

BMS is the accurate estimation of the State of Health 

(SOH), which reflects the battery's degradation and 

remaining usable capacity over time (Su et al., 2024; 

Lei et al., 2024).  

 

As lithium-ion batteries undergo repeated charge and 

discharge cycles, their capacity gradually decreases 

while internal resistance increases, leading to 

reduced performance and shortened service life. 

Accurate SOH estimation therefore plays a vital role 

in battery health monitoring, predictive maintenance, 

and operational safety, particularly in electric 

vehicles and renewable energy storage applications 

(Xu et al., 2024).  

 

Recent advances in deep learning have significantly 

improved battery health estimation by learning the 

complex, nonlinear degradation behaviour from 

battery data. Among these approaches, hybrid 

Convolutional Neural Network–Long Short-Term 

Memory (CNN–LSTM) models have shown 

considerable potential by combining effective feature 

extraction with temporal sequence learning, making 

them suitable for accurate SOH estimation (Xu et al., 

2023; Toughzaoui et al., 2024).   

 

1.2 Problem Statement 

Accurate estimation of the State of Health (SOH) 

remains a significant challenge in lithium-ion Battery 

Management Systems due to the complex and 

nonlinear nature of battery degradation. 

Conventional SOH estimation methods are often 

affected by variations in operating conditions, ageing 

mechanisms, and measurement uncertainties, 

resulting in reduced estimation accuracy and limited 

adaptability to real-world applications (Lei et al., 

2024; Su et al., 2024). 
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Although recent deep learning techniques have 

demonstrated improved SOH estimation 

performance, many existing models either fail to 

capture both spatial and temporal degradation 

characteristics effectively or require complex model 

structures with high computational cost. 

Consequently, there is a need for an accurate and 

efficient deep learning approach capable of learning 

battery degradation patterns and providing reliable 

SOH estimation for intelligent Battery Management 

Systems. 

 

1.3 Aim of the Study 

 
This study aims to develop a hybrid Convolutional 

Neural Network–Long Short-Term Memory (CNN–

LSTM) model for accurate State of Health (SOH) 

estimation of lithium-ion batteries using the CALCE-

2 Battery Degradation Dataset. The proposed model 

is designed to learn the nonlinear degradation 

characteristics of lithium-ion batteries and provide 

reliable SOH estimation for intelligent Battery 

Management Systems. 

 

1.4 Contribution of the Study 

 

The main contribution of this study is the 

development of a hybrid CNN–LSTM model that 

combines convolutional feature extraction with 

temporal sequence learning to achieve accurate State 

of Health estimation for lithium-ion batteries. The 

proposed framework utilises the CALCE-2 Battery 

Degradation Dataset to effectively model battery 

degradation characteristics and demonstrates its 

suitability for intelligent Battery Management 

Systems. The findings contribute to the advancement 

of artificial intelligence-based battery health 

monitoring by providing an effective approach for 

improving battery reliability, predictive maintenance, 

and operational efficiency in electric vehicles and 

renewable energy storage systems. 

 

II. RELATED WORK 
 

2.1 State of Health (SOH) of Lithium-Ion 

Batteries 

 
State of Health (SOH) is a key indicator used to 

assess the degradation level and remaining 

performance of a lithium-ion battery relative to its 

initial condition. It reflects the battery's ability to 

store and deliver energy after repeated charge–

discharge cycles and is commonly expressed as the 

ratio of the current maximum capacity to the rated 

capacity of a new battery. Accurate SOH estimation 

is essential for battery health monitoring, predictive 

maintenance, and ensuring the safe and reliable 

operation of Battery Management Systems (BMS) in 

electric vehicles and renewable energy storage 

systems (Su et al., 2024; Lei et al., 2024). 

The capacity-based SOH is commonly defined as: 

𝑆𝑂𝐻(%) =
𝐶𝑐𝑢𝑟𝑟𝑒𝑛𝑡

𝐶𝑟𝑎𝑡𝑒𝑑
× 100 ……… (Equ 1.1) 

Where 𝐶𝑐𝑢𝑟𝑟𝑒𝑛𝑡 is the measured maximum battery 

capacity after ageing, and 𝐶𝑟𝑎𝑡𝑒𝑑 is the rated capacity 

of a new battery. Although capacity remains the most 

widely adopted SOH indicator, resistance- and 

energy-based indices have also been reported for 

evaluating battery degradation under different 

operating conditions (Su et al., 2024). 

 

Recent studies have shown that data-driven and deep 

learning techniques have significantly improved 

SOH estimation by learning complex battery 

degradation patterns directly from operational data. 

In particular, hybrid deep learning models have 

demonstrated superior estimation accuracy by 

effectively capturing both spatial features and 

temporal degradation characteristics, making them 

suitable for intelligent battery health monitoring 

applications (Yao et al., 2024; Sun et al., 2024). 

 

2.2 Conventional State of Health Estimation 

Methods 

 
The traditional State of Health (SOH) estimation 

methods can generally be classified into capacity-

based methods, internal resistance methods, 

Equivalent Circuit Models (ECMs), and 

electrochemical models. These approaches have been 

widely investigated for the health assessment of 

lithium-ion batteries because they provide 

interpretable information about battery degradation 

and form the basis of many Battery Management 

Systems (Su et al., 2024; Lei et al., 2024). 

A. Capacity-based methods: estimate SOH by 

comparing the measured maximum battery capacity 

with its rated capacity. Since battery capacity 

gradually decreases with repeated charge–discharge 

cycles, capacity loss provides a direct indication of 

battery ageing. Although this method offers high 

accuracy, it typically requires complete charge–

discharge cycles, making it unsuitable for continuous 

real-time monitoring in practical applications (Su et 

al., 2024). 

B. Internal resistance methods: determine SOH by 

monitoring the increase in battery internal resistance 

during operation. In general, internal resistance 

increases with aging of lithium-ion batteries due to 

deterioration of materials and electrochemical 

changes. These methods are relatively simple to 
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implement and enable online monitoring. However, 

the resistance measurements are strongly affected by 
operating temperature, State of Charge (SOC), and 

load conditions, which may reduce the estimation 

accuracy (Su et al., 2024; Vaghela et al., 2024). 

 

C. Equivalent circuit models (ECMs): model the 

electrical behaviour of lithium-ion batteries by using 

electrical components such as voltage sources, 

resistors, and capacitors to emulate their electrical 

characteristics. ECMs are widely used in Battery 

Management Systems (BMS) due to their 

computational efficiency, relative simplicity in 

implementation, and applicability to real-time 

applications. However, their estimation accuracy 

depends heavily on precise parameter identification, 

and their ability to represent complex nonlinear 

battery degradation may diminish under varying 

operating and environmental conditions (Tang et al., 

2025). 

 

D. Electrochemical models: describe battery ageing 

by modelling the physical and chemical processes 

occurring inside the battery cell. These models 

provide high estimation accuracy and valuable 

insights into degradation mechanisms. However, they 

involve complex mathematical formulations, require 

detailed electrochemical parameters, and demand 

considerable computational resources, limiting their 

suitability for real-time applications (Su et al., 2024). 

 

Despite their usefulness, conventional SOH 

estimation methods often struggle to capture the 

highly nonlinear degradation characteristics of 

lithium-ion batteries under diverse operating 

conditions. These limitations have motivated the 

adoption of data-driven and deep learning 

approaches, which can automatically learn 

degradation patterns from operational data and 

achieve more accurate and robust SOH estimation for 

intelligent Battery Management Systems (Lei et al., 

2024; Su et al., 2024). 

 

2.3 Deep Learning-Based SOH Estimation 

 

Deep learning has emerged as a promising approach 

for lithium-ion Battery State of Health (SOH) 

estimation because of its ability to automatically 

learn complex nonlinear degradation patterns from 

battery operational data. Unlike conventional 

approaches that rely on manually engineered features 

or simplified physical models, deep learning 

algorithms can extract representative features directly 

from voltage, current, temperature, and capacity 

measurements, thereby improving estimation 

accuracy and robustness under varying operating 

conditions (Su et al., 2024; Tang et al., 2025).  

 

A. Artificial Neural Networks (ANNs): are among 

the earliest data-driven techniques employed for 

SOH estimation. ANNs can effectively model 

nonlinear relationships between battery operating 

parameters and health conditions without requiring 

explicit electrochemical knowledge. However, 

conventional ANN models often struggle to capture 

long-term temporal dependencies associated with 

battery degradation, which may reduce prediction 

accuracy over extended charge–discharge cycles 

(Tang et al., 2025).  

 

B. Convolutional Neural Networks (CNNs): have 

demonstrated significant potential for SOH 

estimation by automatically extracting discriminative 

features from battery measurements. Through 

convolution and pooling operations, CNNs 

effectively identify local degradation characteristics 

while reducing dependence on manual feature 

engineering. Nevertheless, CNNs primarily focus on 

spatial feature extraction and may not sufficiently 

capture the temporal evolution of battery degradation 

when applied independently (Yao et al., 2024).  

 

B. Long Short-Term Memory (LSTM): networks 

are specifically designed to model sequential data by 

learning long-term temporal dependencies through 

memory cells and gating mechanisms. This 

capability enables LSTM networks to effectively 

capture battery ageing trends across successive 

charge–discharge cycles, making them suitable for 

SOH estimation. However, LSTM models alone may 

not fully exploit local feature representations 

contained in multidimensional battery measurements, 

potentially limiting estimation performance (Tang et 

al., 2025).  

 

To overcome the limitations of individual deep 

learning models, recent studies have increasingly 

adopted hybrid CNN–LSTM architectures, which 

combine the automatic feature extraction capability 

of CNNs with the temporal sequence learning 

capability of LSTMs. In this architecture, the CNN 

extracts representative degradation features from 

battery data, while the LSTM captures their temporal 

evolution to improve SOH prediction accuracy. 

Recent studies have demonstrated that hybrid CNN–

LSTM models achieve higher estimation accuracy, 

stronger robustness, and better generalisation than 

standalone CNN or LSTM models, making them 

well suited for intelligent Battery Management 

Systems (Feng et al., 2024; Toughzaoui et al., 2024).  
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2.4 Summary of Literature Review 

 
The reviewed literature demonstrates that State of 

Health (SOH) estimation is fundamental to ensuring 

the safety, reliability, and longevity of lithium-ion 

batteries in electric vehicles and renewable energy 

storage systems. Conventional approaches, including 

capacity-based methods, internal resistance methods, 

Equivalent Circuit Models (ECMs), and 

electrochemical models, have contributed 

significantly to battery health assessment but are 

often constrained by limited adaptability to complex 

nonlinear degradation processes and varying 

operating conditions (Su et al., 2024; Tang et al., 

2025). Recent advances in deep learning have shown 

considerable potential for overcoming these 

limitations through automatic feature extraction and 

nonlinear pattern recognition. In particular, hybrid 

CNN–LSTM architectures have demonstrated 

improved SOH estimation accuracy by integrating 

the feature extraction capability of Convolutional 

Neural Networks with the temporal sequence 

modelling capability of Long Short-Term Memory 

networks (Feng et al., 2024; Toughzaoui et al., 

2024). Nevertheless, further research is required to 

develop robust and generalisable models capable of 

accurately estimating SOH across diverse battery 

operating conditions and datasets. Therefore, this 

study proposes a hybrid CNN–LSTM model for SOH 

estimation using the CALCE-2 Battery Degradation 

Dataset, with the objective of enhancing estimation 

accuracy and supporting intelligent Battery 

Management Systems. 

 

III. RESEARCH FRAMEWORK 
 

This study adopted a data-driven research framework 

to develop and evaluate a hybrid Convolutional 

Neural Network–Long Short-Term Memory (CNN–

LSTM) model for State of Health (SOH) estimation 

of lithium-ion batteries. As illustrated in Figure 1, the 

proposed framework consists of six sequential 

stages: data acquisition, data preprocessing, dataset 

partitioning, hybrid CNN–LSTM model 

development, SOH estimation, and performance 

evaluation. The publicly available CALCE-2 Battery 

Degradation Dataset was employed to provide 

battery cycling data for model development and 

evaluation. 

 

The first stage involved acquiring battery operational 

data from the CALCE-2 dataset, including voltage, 

current, charge capacity, discharge capacity, internal 

resistance, and impedance. These data were 

subsequently preprocessed through data cleaning, 

missing value handling, feature selection, and Min–

Max normalization to improve data quality and 

ensure compatibility with the deep learning model. 

The processed dataset was then partitioned into 

training (70%), validation (15%), and testing (15%) 

subsets to facilitate model training, hyperparameter 

tuning, and unbiased performance assessment. 

 

Following preprocessing, the proposed hybrid CNN–

LSTM model was developed to estimate battery 

SOH. The CNN component was employed to 

automatically extract representative spatial features 

from the battery measurements, while the LSTM 

network learned the temporal dependencies 

associated with battery degradation over successive 

charge–discharge cycles. The extracted features were 

subsequently used to predict the Battery State of 

Health (SOH). 

 

Finally, the prediction performance of the proposed 

model was evaluated using Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE), and the 

coefficient of determination (R²). These performance 

metrics were used to assess the accuracy, robustness, 

and predictive capability of the developed hybrid 

CNN–LSTM model. The complete research 

workflow adopted in this study is presented in Figure 

1. 

 

 
 

Figure 1. Proposed CNN–LSTM framework for 

SOH estimation using CALCE-2 dataset 
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3.1 CALCE-2 Battery Degradation Dataset 

 

The CALCE-2 Battery Degradation Dataset, 

developed by the Center for Advanced Life Cycle 

Engineering (CALCE), University of Maryland, was 

employed in this study to develop and evaluate the 

proposed hybrid CNN–LSTM model for State of 

Health (SOH) estimation. The CALCE battery 

repository provides publicly available experimental 

data from lithium-ion batteries subjected to 

controlled charge-discharge cycling in laboratory 

conditions. Due to its comprehensive degradation 

information and high-quality experimental 

measurements, the dataset has been widely used for 

Battery State of Health (SOH) estimation, Remaining 

Useful Life (RUL) prediction, battery degradation 

modeling, and prognostics research (Center for 

Advanced Life Cycle Engineering, n.d.).  

 

The CALCE-2 dataset contains time-series 

measurements of key battery operating parameters 

such as voltage, current, charge capacity, discharge 

capacity, internal resistance, and impedance, 

recorded throughout successive charge–discharge 

cycles. These parameters capture the electrochemical 

behaviour and degradation features of lithium-ion 

batteries during aging and are useful information for 

battery health modeling. The gradual evolution of 

these variables over repeated cycling enables the 

extraction of degradation patterns that are strongly 

correlated with the Battery State of Health (Liang et 

al., 2024). 

 

Before model development, the selected battery data 

were screened to remove incomplete records and 

ensure data consistency. The processed dataset was 

subsequently used as the input for feature extraction 

and temporal learning by the proposed hybrid CNN–

LSTM architecture. Owing to its widespread 

adoption in battery health prognostics research, the 

CALCE-2 Battery Degradation Dataset provides a 

reliable benchmark for evaluating the effectiveness 

of the proposed SOH estimation model and facilitates 

comparison with existing data-driven approaches in 

the literature (Bisht et al., 2026; Liang & Zhao, 

2024). 

 

3.2 Data Preprocessing and Feature Engineering 

 

Before model development, the CALCE-2 battery 

data were preprocessed to improve data quality, 

ensure consistency, and enhance the predictive 

performance of the proposed hybrid CNN–LSTM 

model. The preprocessing procedure involved data 

cleaning, missing value handling, feature selection, 

and Min–Max normalization. These steps reduced 

noise, eliminated inconsistencies, and improved the 

suitability of the battery data for deep learning-based 

State of Health (SOH) estimation. 

 

The selected input features comprised voltage, 

current, charge capacity, discharge capacity, internal 

resistance, and impedance, which characterize the 

degradation behaviour of lithium-ion batteries. To 

eliminate differences in measurement scales and 

improve model convergence during training, all input 

variables were normalized using the Min–Max 

normalization technique: 

 

𝑥′ =
𝑥 − 𝑥{𝑚𝑖𝑛}

𝑥{𝑚𝑎𝑥}− 𝑥{𝑚𝑖𝑛}
…………. (Equ 3.1) 

 

Where x is the original feature value, xminand xmax are 

the minimum and maximum values of the feature, 

respectively, and x′ is the normalised feature value. 

 

Following normalisation, the processed data were 

organised into fixed-length multivariate time 

windows suitable for sequential learning. This 

windowing process preserved the temporal 

relationships among successive charge–discharge 

cycles, enabling the CNN to extract representative 

degradation features while allowing the LSTM 

network to learn long-term temporal dependencies 

for accurate State of Health (SOH) estimation. 

 

3.3 Proposed Hybrid CNN–LSTM Model 

 

The proposed hybrid Convolutional Neural 

Network–Long Short-Term Memory (CNN–LSTM) 

model combines the feature extraction capability of 

CNNs with the temporal sequence learning ability of 

LSTM networks to estimate the State of Health 

(SOH) of lithium-ion batteries. The CNN 

automatically learns representative degradation 

features from the preprocessed battery 

measurements, while the LSTM captures long-term 

temporal dependencies associated with battery 

ageing. The extracted temporal representations are 

subsequently mapped to the SOH output through a 

fully connected regression layer. This hybrid 

architecture enables accurate modelling of both 

spatial feature relationships and sequential 

degradation patterns present in the CALCE-2 battery 

dataset. 

 

3.3.1 CNN-Based Feature Extraction 

 
The Convolutional Neural Network (CNN) was 

employed as the first stage of the proposed model to 

automatically extract representative degradation 
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features from the normalized battery measurements. 

Unlike conventional machine learning methods that 

require manually engineered features, the CNN 

learns hierarchical feature representations directly 

from the input data through successive convolution 

and pooling operations. 

The convolution operation is expressed as: 

 

  Fj= (X ∗ Wj) + bj ……………………….. (Equ 3.2) 

 

Where: 

 

• X is the input feature matrix 

• Wj is the convolution kernel 

• bj is the bias term, and  

• Fj is the extracted feature map  

To introduce non-linearity, the Rectified Linear Unit 

(ReLU) activation function was applied after each 

convolutional layer: 

 

f (x) = max (0, x) 

Subsequently, max-pooling was performed to reduce 

the dimensionality of the extracted feature maps 

while preserving the most informative degradation 

features before they were passed to the LSTM 

network. 

 

3.3.2 LSTM-Based Temporal Learning 

 
The Long Short-Term Memory (LSTM) network was 

employed to model the temporal degradation 

behaviour of lithium-ion batteries using the feature 

maps extracted by the CNN. Unlike conventional 

recurrent neural networks, LSTM incorporates 

memory cells and gating mechanisms that effectively 

capture long-term dependencies while mitigating the 

vanishing gradient problem. This capability enables 

the network to learn battery ageing trends across 

successive charge–discharge cycles and improve the 

accuracy of State of Health (SOH) estimation. 

 

The forget gate determines the proportion of 

information retained from the previous cell state and 

is expressed as: 

 

𝑓𝑡 =  𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] +  𝑏𝑓)…… (Equ 3.3) 

 

Where ft is the forget gate output, Wf is the weight 

matrix, ht−1is the previous hidden state, xt is the 

current input vector, bf is the bias term, and σ(⋅) 
denotes the sigmoid activation function. 

The input gate determines the amount of new 

information stored in the memory cell and is given 

by: 

𝑖𝑡 =  𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)…. (Equ 3.4) 

While the candidate cell state is computed as: 

𝑐𝑡̃ =  𝑡𝑎𝑛ℎ(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] +  𝑏𝑐)...... (Equ 3.5) 

The updated cell state is then calculated as: 

Ct =ft ⊙Ct−1 + it⊙𝑐𝑡̃ …..………. (Equ 3.6) 

Where ⊙denotes element-wise multiplication. 

The output gate determines the information 

transmitted to the hidden state and is defined as: 

𝑜𝑡 =  𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] +  𝑏𝑜) … . …(Equ 3.7) 

 

Finally, the hidden state is computed as: 

 

ℎ𝑡 =  𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝑐𝑡)..…. (Equ 3.8) 

 

Where ht represents the hidden state at time step t. 

The resulting hidden representations capture the 

temporal evolution of battery degradation and are 

subsequently supplied to the fully connected 

regression layer for SOH prediction. 

 

3.3.3 Hybrid CNN–LSTM Architecture 

 
The proposed hybrid CNN–LSTM model integrates 

the strengths of Convolutional Neural Networks 

(CNNs) and Long Short-Term Memory (LSTM) 

networks to improve the accuracy of lithium-ion 

Battery State of Health (SOH) estimation. The CNN 

first extracts representative degradation features from 

the normalized battery measurements through 

successive convolution and pooling operations. 

These high-level feature representations are 

subsequently passed to the LSTM network, which 

captures the temporal dependencies associated with 

battery degradation across successive charge–

discharge cycles. The final hidden representation 

generated by the LSTM is then supplied to a fully 

connected regression layer that estimates the battery 

SOH. 

 

The overall operation of the proposed hybrid model 

can be expressed as: 

 

𝑦̂ =fFC (fLSTM (fCNN (X))) ……….. (Equ 3.9) 

 

Where: 

• X is the input feature matrix,  

• fCNN(⋅) represents the CNN feature extraction 

function,  

• fLSTM(⋅)denotes the LSTM temporal learning 

function,  

• fFC(⋅)is the fully connected regression layer,  

• 𝑦 ̂ is the predicted State of Health (SOH).  

 

The network parameters were optimized during 

training by minimizing the prediction error between 

the estimated and measured SOH values using a 
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supervised learning approach. The integration of 

CNN and LSTM enables simultaneous extraction of 

spatial degradation features and temporal ageing 

patterns, thereby improving the robustness and 

predictive accuracy of the proposed SOH estimation 

model. The overall architecture of the proposed 

hybrid CNN–LSTM model is illustrated in Figure 2. 

 

 
Figure 2. Proposed hybrid CNN–LSTM architecture 

for lithium-ion Battery State of Health (SOH) 

estimation 

 

Figure 2 illustrates the overall architecture of the 

proposed hybrid CNN–LSTM model for lithium-ion 

Battery State of Health (SOH) estimation. The 

preprocessed battery data are first processed by the 

CNN to extract representative degradation features. 

The resulting feature vector is then supplied to the 

LSTM network to capture temporal degradation 

patterns, after which a fully connected regression 

layer predicts the battery SOH. 

 

 

 

3.4 Model Training 

 
The proposed hybrid CNN–LSTM model was trained 

using the preprocessed CALCE-2 Battery 

Degradation Dataset. Prior to training, the dataset 

was normalized using the Min–Max scaling 

technique and organized into fixed-length sequential 

windows consisting of five consecutive time-series 

samples. The processed data were then partitioned 

chronologically into 70% training, 15% 

validation,and15% testing subsets to preserve the 

temporal characteristics of the battery degradation 

process. The training dataset was used to optimize 

the network parameters, while the validation dataset 

monitored model convergence and supported the 

Early Stopping mechanism to minimize overfitting. 

The training configuration adopted for the proposed 

CNN–LSTM model is summarized in Table 1. 

 

Table 1. Training configuration of the proposed 

hybrid CNN–LSTM model 

 

Parameter Value 

Dataset 
CALCE-2 Battery 

Degradation Dataset 

Data normalization Min–Max scaling 

Window size 
5 consecutive time-series 

samples 

Training set 70% 

Validation set 15% 

Testing set 15% 

Optimizer Adam 

Loss function Mean Squared Error (MSE) 

Maximum epochs 200 

Batch size 4 

Early Stopping Enabled 

Best model saving Minimum validation loss 

 

The testing dataset was reserved for evaluating the 

generalization capability of the trained model. Model 

training was performed using the Adaptive Moment 

Estimation (Adam) optimizer and the Mean Squared 

Error (MSE) loss function. The model was 

configured to train for a maximum of 200 

epochswith abatch size of four. The Early Stopping 

callback automatically terminated the training 

process when the validation loss ceased to improve, 

thereby preventing unnecessary training and reducing 

the likelihood of overfitting. In addition, the best-

performing model was automatically saved based on 

the minimum validation loss.  
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3.5 Performance Evaluation 

 

The performance of the proposed hybrid CNN–

LSTM model was evaluated using three widely 

adopted regression metrics: Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), and the 

Coefficient of Determination (R²). These metrics 

were employed to quantitatively assess the accuracy, 

prediction error, and goodness-of-fit of the developed 

model in estimating the State of Health (SOH) of 

lithium-ion batteries. 

 

A. The Mean Absolute Error (MAE): measures the 

average absolute difference between the predicted 

and reference State of Health (SOH) values and is 

expressed as: 

𝐌𝐀𝐄 =
𝟏

𝑵
∑|𝒚(𝒕) − 𝒚̂(𝒕)|

𝑵

𝒕=𝟏

… … (𝐄𝐪𝐮 𝟑. 𝟏𝟎) 

Where: 

• Nis the total number of observations. 

• y(t) is the reference SOH value at time step t.   

• 𝒚̂is the corresponding predicted SOH value.  

MAE measures the average magnitude of the 

prediction error and provides an intuitive indication 

of how far the estimated values deviate from the 

reference values withoutamplifying large errors. 

Lower MAE values indicate higher prediction 

accuracy and better model performance. 

 

B. The Root Mean Squared Error (RMSE): 

measures the square root of the average squared 

differences between the predicted and reference State 

of Health (SOH) values and is expressed as: 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑦(𝑡) − (𝑦)̂(𝑡))

2
𝑁

𝑡=1

… (Equ 3.11) 

 

Where N is the total number of observations, y(t) is 

the reference SOH value at time step t, and (𝒚)̂(𝒕) is 

the corresponding predicted SOH value. Lower 

RMSE values indicate smaller prediction errors and 

demonstrate the robustness of the proposed model. 

Because RMSE assigns greater weight to larger 

errors, it provides a reliable measure of the model's 

overall prediction accuracy. 

 

C. The Coefficient of Determination (R2): 

Measures the proportion of the variance in the 

reference State of Health (SOH) values that is 

explained by the proposed model and is expressed as: 

𝑅2 = 1 −
∑ (𝑦(𝑡) − 𝑦̂(𝑡))

2𝑁
𝑡=1

∑ (𝑦(𝑡) − 𝑦̅)2𝑁
𝑡=1

… … (Equ 3.12) 

 

Where N is the total number of observations, y(t) is 

the reference SOH value at time step t, 𝑦̂(𝑡) is the 

corresponding predicted SOH value, and 𝑦̅ is the 

mean of the reference SOH values. An R2 value 

closer to 1 indicates stronger agreement between the 

predicted and reference SOH values, reflecting better 

predictive performance of the proposed hybrid 

CNN–LSTM model. 

 

IV. RESULTS AND DISCUSSION 

 

This section presents the experimental results 

obtained from the proposed hybrid CNN–LSTM 

model for lithium-ion Battery State of Health (SOH) 

estimation using the CALCE-2 Battery Degradation 

Dataset. The model performance is evaluated based 

on the training convergence behaviour and prediction 

accuracy using the Mean Absolute Error (MAE), 

Root Mean Squared Error (RMSE), and the 

Coefficient of Determination (R²). The obtained 

results are analysed and discussed to demonstrate the 

effectiveness, robustness, and suitability of the 

proposed model for intelligent Battery Management 

System (BMS) applications. 

 

4.1 Training Performance of the Proposed CNN–

LSTM Model 

 

The proposed hybrid CNN–LSTM model was trained 

using the CALCE-2 Battery Degradation Dataset to 

learn the degradation characteristics of lithium-ion 

batteries for accurate State of Health (SOH) 

estimation. The model was configured to train for a 

maximum of 200 epochswith abatch size of four, 

while the Early Stopping mechanism monitored the 

validation loss and automatically terminated the 

training process once no further improvement was 

observed. Figure 3 presents the training and 

validation loss curves obtained during model 

training. 

 
Figure 3. Training and validation loss curves of the 

proposed hybrid CNN–LSTM model for State of 

Health (SOH) estimation  
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As shown in Figure 3, both the training and 

validation losses decreased rapidly during the initial 

training epochs and converged to values close to 

zero. Although a slight fluctuation was observed in 

the validation loss during the early stages of training, 

both curves subsequently stabilised and remained 

closely aligned. Because the Early Stopping 

mechanism was enabled, the training process 

terminated before reaching the maximum of 200 

epochs once no further improvement in the validation 

loss was observed. This behaviour indicates good 

model convergence, effective learning of the battery 

degradation characteristics, and minimal evidence of 

overfitting. 

 

4.2 State of Health (SOH) Prediction Performance 

 
The prediction performance of the proposed hybrid 

CNN–LSTM model was evaluated using the testing 

subset of the CALCE-2 Battery Degradation Dataset. 

Figure 4 illustrates the comparison between the 

predicted and reference SOH values obtained using 

the proposed hybrid CNN–LSTM model. 

 

 
Figure 4. Comparison of predicted and reference 

State of Health (SOH) values 

 

The model's capability to estimate the State of Health 

(SOH) was assessed by comparing the predicted 

SOH values with the corresponding reference SOH 

values. 

As shown in Figure 4, the predicted SOH closely 

follows the overall degradation trend of the reference 

SOH throughout the testing period, demonstrating 

the model's ability to effectively capture the battery 

ageing behaviour. Although slight deviations are 

observed at a few sample points, particularly during 

periods of relatively rapid degradation, the predicted 

curve remains in close agreement with the reference 

curve. These results indicate that the proposed hybrid 

CNN–LSTM model successfully learned the 

nonlinear degradation characteristics of lithium-ion 

batteries and provides reliable SOH estimation across 

different stages of battery ageing. 

 

4.3 Actual (Reference) versus Predicted SOH 

Analysis 

To further evaluate the prediction accuracy of the 

proposed hybrid CNN–LSTM model, a scatter plot 

was generated by comparing the predicted State of 

Health (SOH) values with the corresponding 

reference SOH values. This analysis provides a 

visual assessment of the agreement between the 

model predictions and the ground truth. Figure 5 

presents the scatter plot of the predicted SOH values 

against the reference SOH values. 

 
 

Figure 5. Scatter plot of the predicted and reference 

State of Health (SOH) 

 

As shown in Figure 5, the predicted SOH values are 

closely distributed around the 45° reference line, 

indicating strong agreement between the predicted 

and reference values. Most data points lie near the 

ideal line with only minor deviations, demonstrating 

that the proposed model accurately estimates battery 

SOH across different stages of degradation. The 

strong linear relationship between the predicted and 

reference values further confirms the effectiveness 

and reliability of the proposed hybrid CNN–LSTM 

model for lithium-ion Battery State of Health 

estimation. 

 

4.4 Residual Error Analysis 

 
Residual analysis was performed to further evaluate 

the prediction accuracy of the proposed hybrid 

CNN–LSTM model. The residual error was 

computed as the difference between the reference 

and predicted State of Health (SOH) values for each 

testing sample.Figure 6 presents the residual plot of 

the proposed CNN–LSTM model. 
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Figure 6. Residual plot of the proposed hybrid 

CNN–LSTM model for (SOH) estimation 

 

As shown in Figure 6, the residual errors are 

distributed closely around the zero-error reference 

line without any noticeable systematic trend. Most 

residual values are relatively small, indicating that 

the predicted SOH values closely match the 

corresponding reference values. Although a few 

larger residuals are observed, they occur only at 

isolated samples and do not exhibit persistent bias. 

This distribution demonstrates that the proposed 

hybrid CNN–LSTM model provides stable and 

reliable SOH predictions across the testing dataset. 

 

4.5 Residual Error Distribution 

 
The distribution of prediction errors was further 

examined using a residual histogram to evaluate the 

overall accuracy and consistency of the proposed 

hybrid CNN–LSTM model. The residual error was 

computed as the difference between the reference 

and predicted State of Health (SOH) values for each 

testing sample. Figure 7 illustrates the distribution of 

the residual errors obtained from the proposed hybrid 

CNN–LSTM model. 

 

 
Figure 7. Residual error distribution of the proposed 

hybrid CNN–LSTM model for State of Health (SOH) 

estimation 

As shown in Figure 7, most residual errors are 

concentrated within a narrow range close to zero, 

indicating that the prediction errors are generally 

small. Although a few residuals are observed farther 

from zero, they occur infrequently and do not 

dominate the overall distribution. The concentration 

of residuals around zero suggests that the proposed 

hybrid CNN–LSTM model provides accurate and 

consistent SOH predictions with minimal prediction 

bias, further demonstrating its robustness for lithium-

ion Battery State of Health estimation. 

 

4.6 Quantitative Performance Evaluation 

 
The quantitative performance of the proposed hybrid 

CNN–LSTM model was evaluated using the Mean 

Absolute Error (MAE), Root Mean Squared Error 

(RMSE), and the Coefficient of Determination (R²). 

These metrics provide a comprehensive assessment 

of the prediction accuracy, error magnitude, and 

goodness-of-fit of the developed model for lithium-

ion Battery State of Health (SOH) estimation. Table 

2 summarises the performance metrics obtained 

using the testing subset of the CALCE-2 Battery 

Degradation Dataset. 

 

Table 2. Quantitative performance metrics of the 

proposed hybrid CNN–LSTM model for State of 

Health (SOH) estimation 

 
Performance Metric Value 

Mean Absolute Error (MAE) 0.020259 

Root Mean Squared Error (RMSE) 0.024045 

Coefficient of Determination (R²) 0.875912 

 

As shown in Table 2, the proposed hybrid CNN–

LSTM model achieved a Mean Absolute Error 

(MAE) of 0.020259 and a Root Mean Squared Error 

(RMSE) of 0.024045, indicating low prediction 

errors and high estimation accuracy. Furthermore, 

the model attained a Coefficient of Determination 

(R²) of 0.875912, demonstrating a strong agreement 

between the predicted and reference SOH values. 

These results confirm that the proposed model 

effectively captures the nonlinear degradation 

behaviour of lithium-ion batteries and provides 

reliable and accurate SOH estimation. 

 

5. DISCUSSION 

 

The results demonstrate that the proposed hybrid 

CNN–LSTM model effectively estimated the State of 

Health (SOH) of lithium-ion batteries using the 

CALCE-2 Battery Degradation Dataset. The close 

agreement between the predicted and reference SOH 

values, together with the low MAE and RMSE and 
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an R2 value of 0.875912, indicates that the model 

accurately captured the nonlinear degradation 

behaviour of the batteries. Furthermore, the training 

and validation loss curves, along with the residual 

analysis, confirmed stable model convergence and 

good generalization performance. 

The improved prediction performance can be 

attributed to the complementary strengths of the 

CNN and LSTM architectures. The CNN efficiently 

extracted representative degradation features from 

the battery measurements, while the LSTM learned 

the temporal dependencies associated with battery 

ageing. These findings are consistent with recent 

studies reporting that hybrid CNN–LSTM models 

enhance SOH estimation accuracy compared with 

conventional approaches (Tang et al., 2025). The 

proposed model therefore shows strong potential for 

integration into intelligent Battery Management 

Systems to support battery monitoring, predictive 

maintenance, and operational reliability. 

 

VI. CONCLUSION 

 

This study developed and evaluated a hybrid 

CNN–LSTM model for State of Health (SOH) 

estimation of lithium-ion batteries using the CALCE-

2 Battery Degradation Dataset. By integrating 

convolutional neural networks with long short-term 

memory networks, the proposed approach effectively 

combined feature extraction and temporal sequence 

learning to model battery degradation behaviour.The 

developed model demonstrated high prediction 

accuracy and reliable generalization capability, as 

evidenced by the close agreement between the 

predicted and reference SOH values and the 

favourable performance metrics obtained during 

model evaluation. These results demonstrate the 

suitability of the proposed hybrid framework for 

accurate SOH estimation and highlight its potential 

for enhancing battery condition monitoring within 

intelligent Battery Management Systems. 

 

Although the proposed model was validated 

using the CALCE-2 Battery Degradation Dataset, 

future research should investigate its performance 

across different battery chemistries, operating 

conditions, and larger datasets. Further 

improvements may also be achieved by incorporating 

advanced deep learning architectures and real-time 

battery monitoring data to enhance the robustness 

and practical applicability of SOH estimation in 

electric vehicles and renewable energy storage 

systems. 
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