
RESAMPLING-BASED DATA SIMPLIFICATION FOR LITHIUM-ION 
BATTERY STATE OF HEALTH ESTIMATION USING DEEP LEARNING 

SARAN TECHANOK 

A Thesis Submitted in Partial Fulfillment of the Requirements for 
the Degree of Master of Engineering in Electrical Engineering 

Suranaree University of Technology 
Academic Year 2025



 

การประมาณสถานะสขุภาพของแบตเตอรี่ลิเธียมไอออนด้วยการเรยีนรู้เชิงลึก
บนข้อมูลที่ลดความซบัซ้อนด้วยเทคนิคการสุ่มตัวอย่างใหม่ 

 
 
 
 
 
 
 
 
 
 
 

นายศรัณย์ เตชะนอก 
 
 
 
 
 
 
 
 
 
 
 

วิทยานิพนธ์นี้เป็นส่วนหนึ่งของการศึกษาตามหลักสูตรปริญญาวิศวกรรมศาสตรมหาบัณฑิต  
สาขาวิชาวิศวกรรมไฟฟ้า  

มหาวิทยาลัยเทคโนโลยีสุรนารี 
ปีการศึกษา 2568









 

 

ACKNOWLEDGEMENT 
 

The authors are particularly grateful to the Kittibandit Scholarship at Suranaree 
University of Technology, for which I am sincerely grateful. 

I appreciate my advisors, Assoc. Prof. Dr. Keerati Chayakulkheeree and Asst. 
Prof. Dr. Nitikorn Junhuathon, whose guidance, insightful feedback, and constant 
encouragement have been instrumental in the completion of this work. Beyond 
academic advice, I am deeply grateful for the valuable life skills and practical wisdom 
I have gained from him in my daily life. His mentorship has not only shaped my 
research abilities but also inspired me to develop discipline, perseverance, and a 
positive attitude in facing challenges both in my studies and in everyday living. I also 
extend my sincere thanks to the committee members: Assoc. Prof. Dr. Somchat 
Jiriwibhakorn, Prof. Dr. Thanatchai Kulworawanichpong, and Asst. Prof. Dr. Tosaphol 
Ratniyomchai, for their valuable advice, suggestions, and support throughout the thesis 
evaluation process 

Special appreciation is given to my parents for their enduring support, both 
emotionally and financially. Their belief in me has been a cornerstone of my academic 
journey. I am deeply grateful for everything they have done for me. 

Furthermore, I would like to acknowledge all my lecturers at the School of 
Electrical Engineering for providing me with foundational knowledge and academic 
mentorship during my studies. I am also grateful to my friends, seniors, and fellow 
members of the Energy and Power Engineering Research Group (EPERG), whose 
collaboration, encouragement, and assistance greatly contributed to this work. 

Lastly, I would like to thank the faculty members and administrative staff at 
Suranaree University of Technology for their support and kind assistance throughout 
my academic life. 

 
Saran Techanok 

 



V 

TABLE OF CONTENTS 

Page 

ABSTRACT (THAI) ............................................................................................................................. I 
ABSTRACT (ENGLISH) ..................................................................................................................... II 
ACKNOWLEDGEMENT ................................................................................................................... III 
TABLE OF CONTENTS .................................................................................................................. IV 
LIST OF TABLES ........................................................................................................................... VII 
LIST OF FIGURES .........................................................................................................................VIII 
LIST OF ABBREVIATIONS ........................................................................................................... XIII 
CHAPTER 

  I      INTRODUCTION..……………………………………………………………………………………………….1 

     1.1    General Introduction .............................................................................................. 1 
     1.2    Problem Statement ............................................................................................... 2 
     1.3    Research Objectives ............................................................................................... 3 
     1.4    Scope and limitations ............................................................................................ 3 

         1.4.1    Scope .......................................................................................................... 3 
         1.4.2    limitations .................................................................................................. 4 

     1.5    Conception .............................................................................................................. 4 
     1.6    Research Benefits ................................................................................................... 5 
     1.7    Structure of thesis .................................................................................................. 5 

  II     LITERATURE REVIEW .................................................................................................... 7 
     2.1    Introduction ............................................................................................................. 7 
     2.2    Literature Overview ................................................................................................ 7 
     2.3    Model Development and Hybridization Approaches ................................... 17 
     2.4    Feature Extraction and Input Variable Selection ........................................... 18 
     2.5    Battery Dataset ..................................................................................................... 20 
     2.6    Battery Degradation ............................................................................................. 27



V 

TABLE OF CONTENTS (Continued) 

Page 

     2.7    Definition and Calculation of SOH .................................................................... 29 
     2.8    Model Definition ................................................................................................... 29 

         2.8.1    LSTM Model Architecture ..................................................................... 29 
         2.8.2    Bi-LSTM Model Architecture ................................................................. 31 
         2.8.3    AM-LSTM Model Architecture .............................................................. 33 
         2.8.4    GRU Model Architecture ....................................................................... 34 
         2.8.5    GPR Model Architecture ........................................................................ 36 

     2.9    Evaluation Metrics ................................................................................................ 37 
         2.9.1    Root Mean Squared Error ..................................................................... 37 
         2.9.2    Mean Squared Error ............................................................................... 38 
         2.9.3    Mean Absolute Error .............................................................................. 38 
         2.9.4    Mean Absolute Percentage Error ........................................................ 38 

  III    EVALUATING THE ROLE OF OCV IN LSTM MODEL .............................................. 40 
     3.1    Introduction ........................................................................................................... 40 
     3.2    Battery Datasets Utilized ..................................................................................... 41 

         3.2.1    Oxford Battery Degradation Dataset ................................................... 41 
         3.2.2    OCV Characteristics as a Health-Aware Feature ............................... 45 
         3.2.3    Data Preprocessing ................................................................................. 46 

     3.3    Feature Extraction Methodology ....................................................................... 47 
         3.3.1    Area under curve .................................................................................... 47 
         3.3.2    The charging and discharging durations ............................................. 52 
         3.3.3    Hyperparameter Settings ...................................................................... 53 

     3.4    Results of the Proposed SOH Estimation Method......................................... 54 
     3.5    Summary ................................................................................................................ 56 

  IV    INVESTIGATING THE IMPACT OF DATA RESAMPLING ON MODEL 
ACCURACYAND COMPLEXITY ................................................................................. 58



VI 

TABLE OF CONTENTS (Continued) 

Page 

     4.1    Introduction ........................................................................................................... 58 
     4.2    Battery Datasets Utilized ..................................................................................... 59 

         4.2.1    NASA Prognostics Center of Excellence Dataset .............................. 59 

         4.2.2    Dataset Partitioning Strategy ................................................................ 62 

     4.3    Data Resampling ................................................................................................... 62 
     4.4    Feature Extraction Methodology ....................................................................... 64 

         4.4.1    Area under curve .................................................................................... 64 
         4.4.2    The charging and discharging durations ............................................. 69 
         4.4.3    Incremental Capacity Analysis ............................................................. 70 

     4.5    Feature Correlation Analysis .............................................................................. 73 
     4.6    Hyperparameter Settings .................................................................................... 75 
     4.7    Experimental Results and Discussion ............................................................... 76 

         4.7.1    Hyperparameter Tuning Analysis ......................................................... 76 
         4.7.2    Comparative SOH Estimation Results ................................................. 78 

     4.8    Summary ................................................................................................................ 91 
  V     CONCLUSION ............................................................................................................. 93 

     5.1    Conclusion ............................................................................................................. 93 
     5.2    Suggestions ............................................................................................................ 94 

REFERENCES ........................................................................................................................... 96 
APPENDIX A AUC Feature Extraction for Oxford Battery Data ............................... 102 
APPENDIX B AUC Feature Extraction for NASA Battery Data .................................. 116 
APPENDIX C ICA Feature Extraction for Oxford Battery Data ................................. 122 
APPENDIX D ICA Feature Extraction for NASA Battery Data .................................... 126 
APPENDIX E List of publications .................................................................................... 128 
BIOGRAPHY ......................................................................................................................... 146 
 

 



VI 

LIST OF TABLES 

Table                  Page 

2.1 The research considering battery dataset ........................................................................ 8 
2.2 The research considering feature extraction .................................................................. 10 
2.3 The research considering model development ............................................................ 13 
2.4 Presents a comparison of previous research ................................................................. 22 
3.1 Hyperparameter Settings for Training .............................................................................. 54 
3.2 Quantitative Evaluation of SOH Estimation for Cell 8 Using Different Models ....... 56 
4.1 Dataset Partitioning for Oxford and NASA Datasets ...................................................... 62 
4.2 Hyperparameter Settings for Training  ............................................................................. 76 
4.3 RMSE results from the Grid Search analysis on the Oxford dataset ......................... 77 
4.4 Comparison of SOH Estimation Results on Oxford Dataset ........................................ 83 
4.5 Execution Time of Each Model for SOH Estimation on Oxford Dataset ................... 84 
4.6 Comparison of SOH Estimation Results on NASA Dataset  ......................................... 90 
4.7 Execution Time of Each Model for SOH Estimation on NASA Dataset ..................... 91 
 



VI 

LIST OF FIGURES 

Figure                  Page 

2.1 The comparison of battery datasets ................................................................................ 25 
2.2 The comparison of feature engineering techniques ..................................................... 25 
2.3 The comparison of model usage rates ........................................................................... 26 
2.4 An example of the LSTM cell ........................................................................................... 31 
2.5 The Bi-LSTM network architecture  .................................................................................. 33 
2.6 The ATT-LSTM network architecture ............................................................................... 34 
2.7 The GRU network architecture  ......................................................................................... 36 
3.1 Framework of comparative analysis between LSTM models with and without OCV 

feature inclusion .................................................................................................................. 41 
3.2 Voltage profiles of Cell 1 during charging cycle from the Oxford Battery Dataset 

………………………………………………………………………………………………………………………….….…….42 
3.3 Current profiles of Cell 1 during charging cycle from the Oxford Battery Dataset 

……………………………………………………………………………………………………………………………………43 
3.4 Voltage profiles of Cell 1 during discharging cycle from the Oxford Battery Dataset 

…………………………………………………………..……………………………………………………………………....43 
3.5 Current profiles of Cell 1 during discharging cycle from the Oxford Battery Dataset 

……………………………………………………………………………..…………………………………………………....44 
3.6 SOH degradation curves of all 8 cells from the Oxford Battery Degradation 

Dataset……………………………………………………………………………………………………………………....45 

3.7 Voltage profiles Cell 1 of Oxford are used to charge all the cycles ......................... 48 
3.8 Voltage profiles Cell 1 of Oxford are used to discharge all the cycles .................... 48 
3.9 Current profiles Cell1 of Oxford are used to charge all the cycles  ......................... 49 
3.10 Current profiles Cell1 of Oxford are used to discharge all the cycles ................... 49 
3.11 Normalized AUC of voltage during the charging cycle from the Oxford dataset 

……………………………………………………………………………………………………………………………..…...50 



IX 

LIST OF FIGURES (Continued) 

Figure                  Page 

3.12 Normalized AUC of current during the charging cycle from the Oxford dataset 
……………………………………………………………………………………………………………………..……..…….51 

3.13 Normalized AUC of voltage during the discharging cycle from the Oxford dataset 
……………………………………………………………………………………………………………….…………....……51 

3.14 Normalized AUC of current during the discharging cycle from the Oxford Dataset 
…………………………………………..……………………………………………………….……………………………..52 

3.15 The correlation matrix ...................................................................................................... 53 
3.16 SOH estimation of Cell 8 from the Oxford dataset .................................................... 55 
4.1 Experimental workflow for SOH estimation using data resampling .......................... 58 
4.2 Voltage profiles of B0005 during charging cycle from the NASA Battery Dataset 

………………..………………………………………………………………………………………….……………………...60 
4.3 Current profiles of B0005 during charging cycle from the NASA Battery Dataset 

……………………………………………………………………………………………………………………...…………...60 
4.4 Voltage profiles of B0005 during discharging cycle from the NASA Battery Dataset 

………………………………………………………………………………………………………………………...………...61 
4.5 Current profiles of B0005 during discharging cycle from the NASA Battery Dataset 

………………………………………………………………………………………………………………………...………...61 
4.6 SOH degradation curves of all 8 cells from the Oxford Battery Degradation  

Dataset ................................................................................................................................... 62 
4.7 Voltage profiles B0005 of NASA are used to charge all the cycles ........................... 65 
4.8 Voltage profiles B0005 of NASA are used to discharge all the cycles ...................... 65 
4.9 Current profiles B0005 of NASA are used to charge all the cycles ........................... 66 
4.10 Current profiles B0005 of NASA are used to discharge all the cycles .................... 66 
4.11 Normalized AUC of voltage during the charging cycle from the NASA dataset ... 67 
4.12 Normalized AUC of voltage during the discharging cycle from the NASA dataset 

………………………………………………………………………………………………………………..…………………67 

 



X 

LIST OF FIGURES (Continued) 

Figure                  Page 

4.13 Normalized AUC of current during the charging cycle from the NASA dataset 

………………………………………………………………………………………………………………….……………….68 

4.14 Normalized AUC of current during the discharging cycle from the NASA Dataset 

…………………………………………………………………………………………………………………………………..68 

4.15 Charging and discharging time duration across cycles from the Oxford Dataset 

………………………..…………………………………………………………………………………………………………69 

4.16 Charging and discharging time duration across cycles from the NASA dataset 

…………………………………………………………………………………………………………………………………..70 

4.17 ICA curves for Oxford Cell 1 ............................................................................................ 72 
4.18 ICA curves for NASA B0005 .............................................................................................. 72 
4.19 The correlation matrix from the Oxford dataset......................................................... 73 
4.20 The correlation matrix from the NASA dataset ........................................................... 74 
4.21 Comparison of RMSE values across different model architecture configurations 

……………..……….………………………………………………………………………...………………………………77 

4.22 Baseline comparison of SOH estimation results using raw data (Non-resampling) 

for all models on the Oxford dataset ........................................................................... 79 
4.23 Comparison of SOH estimation results using the Best Resampling at 100s for all 

models on the Oxford dataset ........................................................................................ 80 
4.24 Analysis of the impact of resampling on the AM-LSTM model (Oxford dataset) 

comparing Non-resampling vs. the optimal interval (100s) ....................................... 81 
4.25 RMSE comparison of all models on the Oxford dataset ........................................... 82 
4.26 Baseline comparison of SOH estimation results using raw data (Non-resampling) 

for all models on the NASA dataset .............................................................................. 85 
4.27 Comparison of SOH estimation results using the Best Resampling at 20s for 

all models on the NASA dataset .................................................................................... 86



XI 

LIST OF FIGURES (Continued) 

Figure                  Page 

4.28 Analysis of the impact of resampling on the AM-LSTM model (NASA dataset) 
comparing Non-resampling vs. 20s interval .................................................................. 87 

4.29 RMSE comparison of all models on the NASA dataset ............................................. 70 
A.1 Voltage profiles Cell 2 of Oxford are used to charge all the cycles....................... 102 
A.2 Voltage profiles Cell 3 of Oxford are used to charge all the cycles....................... 102 
A.3 Voltage profiles Cell 4 of Oxford are used to charge all the cycles....................... 103 
A.4 Voltage profiles Cell 5 of Oxford are used to charge all the cycles....................... 103 
A.5 Voltage profiles Cell 6 of Oxford are used to charge all the cycles....................... 104 
A.6 Voltage profiles Cell 7 of Oxford are used to charge all the cycles....................... 104 
A.7 Voltage profiles Cell 8 of Oxford are used to charge all the cycles....................... 105 
A.8 Voltage profiles Cell 2 of Oxford are used to discharge all the cycles.................. 105 
A.9 Voltage profiles Cell 3 of Oxford are used to discharge all the cycles.................. 106 
A.10 Voltage profiles Cell 4 of Oxford are used to discharge all the cycles ............... 106 
A.11 Voltage profiles Cell 5 of Oxford are used to discharge all the cycles ............... 107 
A.12 Voltage profiles Cell 6 of Oxford are used to discharge all the cycles ............... 107 
A.13 Voltage profiles Cell 7 of Oxford are used to discharge all the cycles ............... 108 
A.14 Voltage profiles Cell 8 of Oxford are used to discharge all the cycles ............... 108 
A.15 Current profiles Cell 2 of Oxford are used to charge all the cycles .................... 109 
A.16 Current profiles Cell 3 of Oxford are used to charge all the cycles .................... 109 
A.17 Current profiles Cell 4 of Oxford are used to charge all the cycles .................... 110 
A.18 Current profiles Cell 5 of Oxford are used to charge all the cycles .................... 110 
A.19 Current profiles Cell 6 of Oxford are used to charge all the cycles .................... 111 
A.20 Current profiles Cell 7 of Oxford are used to charge all the cycles .................... 111 
A.21 Current profiles Cell 8 of Oxford are used to charge all the cycles .................... 112 
A.22 Current profiles Cell 2 of Oxford are used to discharge all the cycles ............... 112 
A.23 Current profiles Cell 3 of Oxford are used to discharge all the cycles ............... 113 
A.24 Current profiles Cell 4 of Oxford are used to discharge all the cycles ............... 113 



XII 

LIST OF FIGURES (Continued) 

Figure                  Page 

A.25 Current profiles Cell 5 of Oxford are used to discharge all the cycles ............... 114 
A.26 Current profiles Cell 6 of Oxford are used to discharge all the cycles ............... 114 
A.27 Current profiles Cell 7 of Oxford are used to discharge all the cycles ............... 115 
A.28 Current profiles Cell 8 of Oxford are used to discharge all the cycles ............... 115 
B.1 Voltage profiles B0006 of NASA are used to charge all the cycles ......................... 116 
B.2 Voltage profiles B0007 of NASA are used to charge all the cycles ......................... 116 
B.3 Voltage profiles B0018 of NASA are used to charge all the cycles ......................... 117 
B.4 Voltage profiles B0006 of NASA are used to discharge all the cycles .................... 117 
B.5 Voltage profiles B0007 of NASA are used to discharge all the cycles .................... 118 
B.6 Voltage profiles B0018 of NASA are used to discharge all the cycles .................... 118 
B.7 Current profiles B0006 of NASA are used to charge all the cycles ......................... 119 
B.8 Current profiles B0007 of NASA are used to charge all the cycles ......................... 119 
B.9 Current profiles B0018 of NASA are used to charge all the cycles ......................... 120 
B.10 Current profiles B0006 of NASA are used to discharge all the cycles .................. 120 
B.11 Current profiles B007 of NASA are used to discharge all the cycles .................... 121 
B.12 Current profiles B0018 of NASA are used to discharge all the cycles .................. 121 
C.1 ICA curves for Oxford Cell 2 ............................................................................................ 122 
C.2 ICA curves for Oxford Cell 3 ............................................................................................ 122 
C.3 ICA curves for Oxford Cell 4 ............................................................................................ 123 
C.4 ICA curves for Oxford Cell 5 ............................................................................................ 123 
C.5 ICA curves for Oxford Cell 6 ............................................................................................ 124 
C.6 ICA curves for Oxford Cell 7 ............................................................................................ 124 
C.7 ICA curves for Oxford Cell 8 ............................................................................................ 125 
D.1 ICA curves for NASA B0006 .............................................................................................. 126 
D.2 ICA curves for NASA B0007 .............................................................................................. 126 
D.3 ICA curves for NASA B0018 .............................................................................................. 127 
 



XIII 

LIST OF ABBREVIATIONS 
 
 

AM-LSTM = Attention mechanism-long short-term memory 
AUC = Area Under the Curve 
Bi-LSTM  Bidirectional long short-term memory 
BMS = Battery management system 
EVs = Electric vehicles 
GPR = Gaussian process regression 
GRU = Gated recurrent unit 
ICA = Incremental capacity analysis 
LIBs = Lithium-ion batteries 
Li-ion = Lithium-ion 
LSTM = Long short-term memory 
MAE = Mean absolute error 
MAPE = Mean absolute percentage error 
MSE = Mean squared error 
OCV = Open circuit voltage 
RMSE = Root mean squared error 
RNN = Recurrent neural network 
RUL = Remaining useful life 
SEI = Solid electrolyte interphase 
SOC = State of charge 
SOH = State of Health 



1 

CHAPTER I 
INTRODUCTION 

 

1.1 General Introduction 

In today's rapidly advancing technological era, Li-ion batteries have emerged as 
the heart of global energy storage systems. It is undeniable that these batteries serve 
as the foundation for numerous innovations driving our daily lives, ranging from small 
portable devices like smartphones and tablets to large-scale industries such as EVs 
and smart grid systems. The preference for Li-ion batteries over other types stems from 
their superior characteristics, including high energy density, lightweight properties, and 
long operational lifespan, which perfectly meet the high-efficiency energy demands of 
the modern world. 

However, despite their high performance, Li-ion batteries remain 
electrochemical devices with inherent natural limitations. As they undergo repeated 
usage and charging cycles over extended periods, degradation is inevitable. Internal 
chemical reactions gradually shift, leading to a decrease in energy storage capacity and 
an inability to deliver power as efficiently as when they were new. If this degradation 
is left unmonitored, it can lead to various risks, such as unexpected device shutdowns 
or, in severe cases, thermal runaway, which poses a safety hazard to users. For this 
reason, the BMS was developed to act as a controller and safety guardian. One of the 
most critical functions of the BMS is to estimate the SOH. Knowing the SOH is analogous 
to a health check-up, informing us of how much remaining life the battery has or what 
percentage of its efficiency remains. This information is vital for decision-making 
regarding maintenance planning, replacing batteries before failure, and ensuring that 
systems operate with maximum safety and cost-effectiveness. 
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1.2 Problem Statement 

 Currently, global warming and climate change have become urgent agendas 
prioritized by governments worldwide. Nations are collaborating through global 
initiatives such as the Paris Agreement and the United Nations' Sustainable 
Development Goals (SDGs) to reduce greenhouse gas emissions. These efforts are the 
primary drivers shifting the world from fossil fuels to clean energy, leading to an 
exponential rise in the demand for renewable energy and EVs. Consequently, the role 
of LIBs has become increasingly significant as the key enabler of this transition. 

As battery usage creates a surge in demand, a consequential challenge arises 
regarding the management of aging batteries. Generally, when an EV battery's SOH falls 
below 80%, it is considered unsuitable for vehicle propulsion. However, these batteries 
still retain sufficient energy capacity to be utilized for other purposes, such as 
stationary energy storage for homes or buildings (Second-life applications). The 
problem lies in determining which batteries are still of good quality for reuse. Accurate 
SOH estimation is, therefore, essential to ensure that battery resources are utilized to 
their maximum economic potential while minimizing electronic waste. 

Nevertheless, a major technical barrier existing today is "data complexity and 
volume." In real-world applications, modern battery systems continuously monitor and 
record status parameters such as voltage, current, and temperature at very high 
frequencies, generating massive amounts of Big Data. Processing all this raw data 
instantaneously to estimate SOH requires immense computational resources, which 
often exceeds the capabilities of the standard embedded chips found in vehicles or 
general devices. This leads to latency and excessive power consumption. This thesis 
aims to directly address this problem by introducing a resampling technique to reduce 
data size and complexity while preserving critical details. This approach allows for the 
effective application of Deep Learning technologies to estimate SOH quickly, 
accurately, and practically within resource-constrained systems. 
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1.3 Research Objectives 

Building upon the challenges and limitations discussed previously, particularly 
regarding data complexity and computational constraints in battery management 
systems, this research aims to develop a robust and efficient framework for SOH 
estimation. The primary goal is to bridge the gap between high-accuracy theoretical 
models and practical implementation by integrating effective data management 
strategies with advanced deep learning techniques. 

The main objectives of this thesis are as follows, 
1) To apply a resampling technique to reduce the size and complexity of 

battery measurement data while preserving critical information necessary for accurate 
SOH estimation 

2) To apply deep learning techniques for estimating the SOH of LIBs using 
multiple open-source datasets 

 

1.4 Scope and limitations 

1.4.1 Scope 

The scope of this research is defined by the specific methodologies, 
datasets, and parameters selected for investigation, as detailed below: 

1) Algorithms and Models: The study employs Deep Learning 
techniques, specifically LSTM, Bi-LSTM, GRU, and AM-LSTM. Additionally, GPR is utilized 
as a statistical baseline method (non-Deep Learning) to compare estimation 
performance. 

2) Resampling Technique: A resampling approach is applied to reduce 
data size and complexity. The investigation covers specific resampling intervals for 
each dataset: 13 distinct intervals for the Oxford dataset and 8 distinct intervals for the 
NASA dataset. 

3) Data Inputs: The study utilizes two open-source datasets (Oxford and 
NASA). The input features for all models are strictly derived from Voltage and Current 
measurements obtained during the charging and discharging cycles. 
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1.4.2 Limitations  

The primary limitation of this research stems from its exclusive reliance 
on pre-existing open-source datasets rather than primary data generated through 
controlled laboratory experiments. Consequently, the researcher cannot control or 
modify the experimental conditions, such as ambient temperature, aging protocols, or 
discharge rates, as these factors were fixed during the original data collection. This 
implies that the findings and the developed models are inherently constrained by the 
specific physical characteristics and operational environments of the batteries in the 
Oxford and NASA datasets. Therefore, the models may not be directly generalizable 
to other battery chemistries or usage scenarios that differ significantly from the 
conditions recorded in these datasets without further retraining or adaptation. 
 

1.5 Conception 
The conception of this thesis is established upon a data-driven framework 

designed to optimize the SOH estimation process for LIBs. The core concept integrates 
Deep Learning techniques with a strategic Resampling approach. The fundamental idea 
is that by systematically reducing the sampling rate of raw voltage and current data, 
the computational complexity and data volume can be minimized without losing the 
critical electrochemical features such as ICA and AUC required for accurate health 
assessment. To realize this concept, the study utilizes reliable open-source datasets 
(Oxford and NASA) to simulate real-world degradation scenarios across different battery 
chemistries. The technical implementation and verification are conducted within the 
MATLAB environment, which serves as the primary platform for data preprocessing, 
model training, and performance evaluation. The overall conception aims to 
demonstrate that a simplified data structure, when processed by advanced neural 
networks, can achieve high estimation accuracy comparable to models using raw, high-
resolution data To realize this concept, the study utilizes reliable open-source datasets 
(Oxford and NASA) to simulate real-world degradation scenarios across different battery 
chemistries. The technical implementation and verification are conducted within the 
MATLAB environment, which serves as the primary platform for data preprocessing, 
model training, and performance evaluation. The overall conception aims to 
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demonstrate that a simplified data structure, when processed by advanced neural 
networks, can achieve high estimation accuracy comparable to models using raw, high-
resolution data. 

 

1.6 Research Benefits 

Accurate estimation of battery SOH can significantly enhance the efficiency, 
reliability, and safety of battery management systems, contributing to the optimization 
of system performance and lifecycle management. By applying a resampling technique 
to simplify input data while preserving essential features, the proposed method is 
expected to reduce model complexity, improve computational efficiency, and 
facilitate the deployment of SOH estimation models in practical applications. 

 

1.7 Structure of thesis 

This thesis is organized into five chapters, outlining the progression from 
theoretical background to experimental validation and conclusion. The structure is 
defined as follows: 

Chapter I: Introduction presents the general background, problem statement, 
research objectives, scope, limitations, and the conceptual framework of the study. 

Chapter II: Literature Review and Theoretical Background provides a review of 
related literature and fundamental theories regarding LIBs and their degradation 
mechanisms. It also covers the basic principles of the deep learning algorithms used 
in this study and defines the evaluation metrics for performance assessment. 

Chapter III: Impact of OCV Features on SOH Estimation investigates the effect 
of integrating OCV features into the estimation process. This chapter focuses on utilizing 
AUC and charging duration as input features for a LSTM model. 

Chapter IV: SOH Estimation using Resampling Technique and Deep Learning 
details the core methodology of this thesis. It presents the application of the 
resampling technique to reduce data complexity and evaluates the performance of 
multiple deep learning models (LSTM, Bi-LSTM, GRU, AM-LSTM) and GPR using Oxford 
and NASA datasets. 



6 

Chapter V: summarizes the research findings, discusses the key contributions. 
 



7 

CHAPTER II 
LITERATURE REVIEW 

 

2.1 Introduction 

LIBs tend to degrade over time, and their RUL decreases as the number of 
charge-discharge cycles increases. This has driven considerable research attention 
toward the estimation of battery SOH, aiming to ensure optimal performance and safe 
operation of battery systems. Many studies have proposed various methods for 
estimating SOH, including approaches based on deep learning, which have shown 
promising results in capturing complex patterns from time-series battery data. In 
addition, hybrid models that combine different machine learning techniques have also 
been developed to enhance estimation accuracy. Researchers have also focused on 
extracting useful features from battery measurement data collected during charge and 
discharge cycles. Among these, the ICA has been widely used as a feature extraction 
technique that helps to reveal internal battery degradation mechanisms and improve 
model performance. 

 

2.2 Literature Overview 
In recent years, the challenge of effectively estimating the SOH of LIBs has 

received growing attention. Numerous research approaches have been proposed to 

address this issue, differing in their use of experimental setups, model-based 

techniques including adaptive algorithms and data-driven methods, such as machine 

learning and deep learning. The variety of datasets used in different studies further 

contributes to the diversity in approaches and outcomes. This section provides a 

summary and overview of related research in a table format to highlight the current 

landscape and the remaining research gaps. The literature review has been divided
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into three tables: Table 2.1 Battery Dataset. Table 2.2 Feature Extraction and Table 2.3 

Model Development. 

Table 2.1 The research considering battery dataset 

Reference Method Objective Description 

(Xiong et al., 2023) 
 

- GPR 
- LSTM 

- NASA 
- Oxford 
- Real-world 

- Using random 
charging data and 
reconstructing 
missing health 
features with 
GPR-LSTM 

(Liang Zhang et 
al., 2023) 

- Ensemble - NASA 
- Oxford 

- Uses an 
ensemble model 
based on 
improved LSTM 
neural network to 
estimate SOH 

(Wu et al., 2023) - GPR 
- LSTM 
- BP 

- NASA 
- CALCE 
- Oxford 
- UL-PUR 

- HFs from 
multiple datasets 

(Lijun Zhang et 
al., 2023) 

- LSTM - NASA 
- CALCE 

- Using the LSTM 
model to predict 
the available 
capacity and RUL 
of LIBs. 
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Table 2.1 The research considering battery dataset (Continued) 

Reference Method Objective Description 

(Dineva, 2024) - ML and AI - NASA 
- CALCE 
- Oxford 

- A review of Li-
ion battery SOH 
estimation 
techniques in EVs, 
focusing on 
advancements in 
ML and AI. 

(Olabi et al., 
2024) 

- ANN 
- FNN 
- CNN 

- FUDS 
- DST 
- Oxford 
- NASA 

- Reviews the use 
of ANN in 
estimating Li-ion 
battery states, 
including SOC, 
SOH, RUL, 
thermal state, 
and other 
parameters. 

 

From table 2.1 The research considering Battery Dataset, it is observed that 

most studies prefer to use open-source battery datasets. These datasets typically 

provide comprehensive recordings from the very beginning of battery usage, allowing 

for continuous monitoring of battery behavior and degradation over time. 
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Table 2.2 The research considering feature extraction  

Reference Method Objective Description 

(B. Zou et al., 
2023) 

- Bi-LSTM model 
with AM 

- NASA 
- Oxford 

- A DL model is 
constructed using 
Bi-LSTM with AM 
to focus on 
important parts of 
the features. 

(Sun et al., 2022) - Bi-LSTM - NASA - Extraction of IC 
curve peaks and 
corresponding 

(Bian et al., 2022) - ANN - NASA 
- CALCE 

- Uses a fusion-
based method 
combining OCV 
model and ICA 
with ANN to 
estimate SOH 

(Z. Zou et al., 
2023) 

- BP 
- PCR 

- Information 
gathered from 
past battery cells 
that the 
researchers 

- Uses ICA and 
PCA combined 
with Multi-chaotic 
Sparrow Search 
Algorithm to 
estimate SOH 

(Stephens et al., 
2024) 

- GPR - NASA - ICA-DTA 
outperforms using 
ICA and DTA 
individually 
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Table 2.2 The research considering feature extraction (Continued) 

Reference Method Objective Description 

(Wei et al., 2025) - MSHHO-DELM - Oxford - Uses the 
MSHHO-DELM 
framework 
improved from 
Harris Hawks 
Optimization and 
Deep Extreme 
Learning Machine 
to estimate SOH 

(Rao et al., 2024) - LSTM 
- DNN 
- GRU 

- NASA - Battery data is 
processed using 
Fourier 
Resampling to 
produce uniform 
and denoised 
signals, enhancing 
the accuracy of 
SOH prediction. 
- Incremental 
capacity-based 
input datasets 
have been 
considered as 
input to GRU 
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Table 2.2 The research considering feature extraction (Continued) 

Reference Method Objective Description 

(Techanok et al., 
2025) 

- LSTM - Oxford - Compare the 
results of 
evaluating the 
role of OCV in 
estimating the 
SOH of batteries. 
- Use the variable 
AUC to effectively 
highlight 
differences 
between battery 
cycles. 

 

The table 2.2 The research considering Feature Extraction summarizes studies 

focusing on the extraction of informative features from battery usage data for use as 

model inputs in SOH estimation. These studies highlight the critical role of proper 

feature selection in improving model accuracy. Various techniques have been applied, 

such as ICA, and in some cases, resampling of raw signals to enhance temporal 

resolution. 
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Table 2.3 The research considering model development  

Reference Method Objective Description 

(Fan et al., 2020) - GRU-CNN - NASA 
- Oxford 

- Using a hybrid 
GRU-CNN model, 
which can learn 
shared 
information and 
time 
dependencies of 
the charging 
curve with deep 
learning 
technology. 

(Aliberti et al., 
2022) 

- LSTM 
- GRU 
- 1D-CNN 
- CNN-LSTM 

- NASA - Various neural 
network models 
- 1D-CNN best 
predicts SOH 

(Audin et al., 
2021) 

- Autoencoders 
and LSTM 

- SNL 
- MIT 
- NASA 

- Using 
Autoencoders 
and LSTM Neural 
Networks applied 
to usage data 
(voltage, current, 
temperature) 

(Nguyen Van & 
Quang, 2023) 

- LSTM  
- FNN 

- NASA - LSTM has higher 
accuracy than 
FNN in estimating 
SOH and internal 
resistances 
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Table 2.3 The research considering model development (Continued) 

Reference Method Objective Description 

(Oyewole et al., 
2022) 

- CDTL - Information 
gathered from 
past battery cells 
that the 
researchers 

- Construction of 
a CDTL model 
consisting of two 
LSTM networks: 
source LSTM and 
target LSTM 

(Wang et al., 
2022) 

- GPR - Oxford - Uses Pearson 
correlation 
coefficient to 
select health 
features and GPR 
to estimate the 
SOH 

(Li et al., 2023) - GPR - NASA 
-Oxford 

- Estimation of 
SOH and RUL of 
batteries using a 
hybrid Temporal 
Convolutional 
Network-Long 
Short-Term 
Memory (TCN-
LSTM) model. 

(Gong et al., 2021) - CNN 
- ULSAM 
- GRU 

- NASA 
- Oxford 

- Uses a hybrid 
CNN-ULSAM-GRU 
model to 
estimate SOC of 
LIBs 
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Table 2.3 The research considering model development (Continued) 

Reference Method Objective Description 

(Hossain Lipu et 
al., 2022) 

- DL - Data from 
various studies 
related to the 
estimation of 
SOC, SOH, and 
RUL of EV 
batteries 

- Reviews the use 
of DL in 
estimating SOC, 
SOH, and RUL of 
EV batteries, 
including 
methods, 
implementations, 
strengths, 
weaknesses, 
accuracy, and 
future 
recommendations 

(Jarraya et al., 
2025) 

- SOH-KLSTM - NASA - Integrating KAN 
with LSTM to 
estimate SOH of 
LIBs networks: 
source LSTM and 
target LSTM 

(Li et al., 2025) - MC-CNN-
TimesNet. 

- NASA 
- CALCE 
-. MIT 

- Estimation of Li-
ion battery SOH 
and RUL using the 
MC-CNN-TimesNet 
model. 
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Table 2.3 The research considering model development (Continued) 

Reference Method Objective Description 

(Ma et al., 2024) - Bagged-GPR - LMBs dataset - Uses a data-
driven health 
estimation 
framework and 
Bagged-GPR to 
estimate SOH of 
lithium metal 
batteries, 
validated with 
data from test 
cells. 

(Safavi et al., 
2024) 

- CNN 
- LSTM 

- NASA - 2D voltage data 
and use the 
sliding window 
technique to 
create a new 
dataset, 
automatically 
extracting health 
features. 
- The sampling 
rate was 
increased to have 
one voltage 
measurement 
every 20 s 
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Based on table 2.3 research considering Model Development, it is evident that 

many studies have focused on the development of hybrid models by combining the 

strengths of various approaches. the strengths of various approaches. These hybrid 

strategies have shown significant improvements in SOH estimation accuracy. The 

literature reviewed in this table highlights a clear trend in recent research toward multi-

method integration, aiming to enhance model performance in response to the 

complex characteristics of battery data. 

 

2.3 Model Development and Hybridization Approaches 
Estimating a battery's SOH is essential for precisely forecasting its performance 

and lifespan, allowing for preventive maintenance, and boosting the dependability of 
ESS. To increase the accuracy of SOH estimate models, a lot of research has been 
done.  Hybrid modeling techniques have drawn a lot of interest among these initiatives.  
To improve prediction performance, these strategies integrate the advantages of 
several methodologies, such as combining several learning models or combining 
machine learning with model-based techniques.  In order to improve robustness and 
capture the intricate, nonlinear behavior seen in battery degrading processes, hybrid 
models are intended to address the shortcomings of individual models. 

The three main components of the hybrid neural network model suggested by 
(Qingrui Gong et al. 2021) are a GRU module, an ULSAM module, and a convolutional 
module. The GRU module processes the feature sequences to estimate the SOC over 
time after the convolutional and ULSAM modules collaborate to extract features from 
sequences of sampled voltage, current, and temperature data. Both temporal 
relationships and deep feature representations in the data are successfully captured 
by this approach. (Yaxiang Fan et al. 2020) proposed a hybrid modeling approach for 
battery SOH estimation by combining GRU and CNN. The GRU is utilized to capture 
temporal dependencies, while the CNN extracts key features from the charging curves 
under CC-CV mode. This hybrid structure enables the model to effectively learn 
relevant patterns associated with battery health. (Aliberti et al. 2022) developed and 
compared various neural network architectures for estimating the SOH of LIBs using a 
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data-driven approach at the single-cell level. The models evaluated include LSTM, 
GRU, 1D-CNN, and CNN-LSTM, combining sequential learning and feature extraction 
techniques to identify the most suitable structure for battery condition analysis. (Li et 
al. 2023) proposed a novel hybrid model combining TCN and LSTM for SOH and RUL 
estimations of batteries. This architecture leverages both temporal sequence modeling 
and deep feature extraction capabilities. Additionally, Bayesian optimization is applied 
to fine-tune the hyperparameters of each layer in the model. (Chaoran Li et al. 2023) 
proposed a model centered on creating a hybrid model for estimating batteries' SOH 
and RUL. TCN and LSTM are combined in its suggested TCN-LSTM architecture to take 
advantage of sequential learning and temporal feature extraction. We use Bayesian 
optimization to optimize the model's hyperparameters. 

The objective of these projects is to create sophisticated models that use real-
world usage data, such as voltage, current, and temperature, to forecast the SOH of 
LIBs. LSTM networks, which are well-known for their ability to effectively simulate time-
series data, are at the heart of both strategies. In order to improve the input 
representation prior to SOH prediction, (Paul AUDIN et al. 2021) combine LSTM with 
an autoencoder, which serves as a feature extractor. In order to better represent 
intricate, nonlinear degradation processes, (Imen Jarraya et al. 2025). suggest a more 
advanced hybrid model that combines LSTM with KAN. Even if the model architectures 
differ, both approaches aim to improve prediction accuracy and robustness under 
realistic and variable operating conditions. 

 

2.4 Feature Extraction and Input Variable Selection 
Input feature extraction and selection play a vital role in the accuracy of battery 

SOH estimation models. Typically, input variables are derived from recorded voltage, 
current, and temperature data during battery charge and discharge cycles. One widely 
used technique for feature extraction is ICA, which reveals subtle degradation patterns 
in the battery. This section provides a summary of prior research focusing on the 
methods and strategies for selecting and extracting input features, highlighting the 
diversity of approaches proposed in the literature. 
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(Daniel Stephens et al. 2024) provide a unique method to enhance the 
efficiency of Li-ion battery SOH estimate by combining ICA with DTA. When combined, 
ICA and DTA's complimentary qualities can help overcome the drawbacks of each 
technique alone, as the work demonstrates. SOH estimation's stability and accuracy 
are improved by this methodical integration. The results emphasize how crucial ICA is 
as a tool for obtaining features linked to deterioration, especially when paired with 
other analytical techniques. (Zhanxin Zou et al. 2023) work uses ICA, a crucial method 
for gleaning health-related characteristics from LIBs constant current charging phase. 
PCA is used to reduce the dimensionality of the four HFs that were extracted via ICA. 
This results in a single principal component that is then utilized for linear regression. 
To optimize the regression model, a learning mechanism-based Multi-Chaotic Sparrow 
Search Algorithm is used. This method demonstrates how ICA-derived features may 
successfully enable correct modeling even in low-resource contexts, highlighting the 
relevance of ICA in providing lightweight and computationally efficient SOH estimate. 

Both studies share a common approach in leveraging ICA to extract features 
that better reflect battery degradation (Hanlei Sun et al. 2020). utilize ICA to extract 
peak points and corresponding voltages as additional inputs to a Bi-LSTM model. 
(Bosong Zou et al. 2023). combine ICA with other features like equal voltage interval 
discharge time and thermal analysis before feeding them into a Bi-LSTM model with 
an attention mechanism. Although the implementation differs, both studies agree on 
the crucial role of ICA in enhancing the accuracy and robustness of SOH estimation. (K. 
Dhananjay Rao et al. 2024) investigates SOH estimation utilizing a variety of machine 
learning algorithms, including LSTM, DNN, and GRU, with a focus on optimal 
hyperparameter optimization. The integration of ICA-based input datasets into the GRU 
model is a significant study feature. By reflecting realistic internal degradation 
parameters like battery chemistry and operating conditions, these ICA-derived inputs 
help the GRU model more closely resemble real-world aging behaviorBoth studies 
share a common approach in leveraging ICA to extract features that better reflect 
battery degradation (Hanlei Sun et al. 2020). utilize ICA to extract peak points and 
corresponding voltages as additional inputs to a Bi-LSTM model. (Bosong Zou et al. 
2023). combine ICA with other features like equal voltage interval discharge time and 
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thermal analysis before feeding them into a Bi-LSTM model with an attention 
mechanism. Although the implementation differs, both studies agree on the crucial 
role of ICA in enhancing the accuracy and robustness of SOH estimation. (K. Dhananjay 
Rao et al. 2024) investigates SOH estimation utilizing a variety of machine learning 
algorithms, including LSTM, DNN, and GRU, with a focus on optimal hyperparameter 
optimization. The integration of ICA-based input datasets into the GRU model is a 
significant study feature. By reflecting realistic internal degradation parameters like 
battery chemistry and operating conditions, these ICA-derived inputs help the GRU 
model more closely resemble real-world aging behavior. 

(S. Techanok, N. Junhuathon, and K. Chayakulkheeree 2025) investigates the 
impact of incorporating OCV as an input feature for SOH estimation using an LSTM 
model trained on battery degradation data from Oxford University. The model uses 
inputs such as charge/discharge current, voltage, time, and temperature, and the 
inclusion of OCV is shown to significantly improve estimation accuracy. Additionally, 
the AUC is used to highlight the differences between battery cycles, providing insights 
into voltage behavior changes due to degradation. This research underscores the 
importance of OCV and AUC as critical variables in enhancing SOH prediction 
performance. 
 

2.5 Battery Dataset 
To estimate the SOH of a battery, it is essential to use data collected during 

the battery’s charge and discharge cycles, including voltage, current, and temperature 
measurements. Many reviewed studies use a variety of datasets some are publicly 
available open-source datasets, while others are obtained through laboratory 
experiments conducted by the researchers themselves. These datasets differ in terms 
of quality, structure, and experimental conditions, which can significantly affect model 
training and estimation performance. This section provides an overview of the datasets 
used in related research. 

(Jiang Wu et al. 2023) utilized datasets from multiple sources including NASA, 
CALCE, Oxford, and UL-PUR for the selection of Li-ion battery HFs prior to SOH 
estimation. The work by (Adrienn Dineva 2024) presents a review of SOH estimation 
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techniques for LIBs in EVs, pointing out that a number of papers use NASA, CALCE, and 
Oxford databases as important assessment references. (Vahid Safavi et al. 2024) utilizes 
datasets from NASA, Oxford, and real-world sources to develop a GPR-LSTM model 
aimed at improving the efficiency of SOH estimation across various data sources. Many 
studies that review SOH estimation techniques for LIBs commonly utilize open-source 
datasets from NASA and Oxford. 

From the literature review, it is evident that most research has focused on 
developing hybrid models in order to minimize the estimation error of battery SOH. 
While this approach enhances model accuracy, improving the practical usability of 
such models such as reducing training time, simplifying input data, and lowering 
computational complexity is equally important and often underexplored.  

Therefore, this study proposes the use of a resampling technique to adjust data 
resolution to a more manageable level, along with the selection of the ICA feature, 
which is widely recognized in the literature for its effectiveness in reflecting battery 
degradation behavior. The datasets used in this research are the Oxford Battery Dataset 
and the NASA Battery Dataset 
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Table 2.4 Presents a comparison of previous research 

Reference Dataset ICA Resampling Method 

Oxford NASA 

Yaxiang Fan et al. 

(2020)  
✓ ✓  ✓ 

GRU-CNN 

Alessandro Aliberti 

et al. (2022)  ✓   
LSTM, GRU, 

1D-CNN, 

CNN-LSTM 

Paul AUDIN et al. 

(2021)  ✓   
Autoencoders and 

LSTM 

Chi Nguyen Van et 

al. (2023) 
 ✓   LSTM, FNN 

Isaiah Oyewole et al. 

(2022) 
    CDTL 

Zuolu Wang et al. 

(2022) 
✓    GPR 

Chaoran Li et al. 

(2023) 
✓ ✓   TCN-LSTM 

Qingrui Gong et al. 

(2021) 
✓ ✓  ✓ 

CNN-ULSAM-GRU 

M.S. Hossain Lipu et 

al. (2022) 
✓ ✓   Deep Learning 

Imen Jarraya et al. 

(2025) 
✓    SOH-KLSTM 
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Table 2.4 Presents a comparison of previous research (Continued) 

Reference Dataset ICA Resampling Method 

Oxford NASA 

Yanming Li et al. 

(2025) 
 ✓   MC-CNN-TimesNet. 

Wenting Ma et al. 

(2025) 
  ✓  Bagged-GPR 

Vahid Safavi et al. 

(2024) 
 ✓  ✓ 

CNN, LSTM 

Daniel Stephens et 

al. (2024) 
 ✓ ✓  GPR 

Zhiyuan Wei et al. 

(2025) 
✓  ✓  MSHHO-DELM 

K. Dhananjay Rao et 

al. (2024) 
 ✓ ✓  LSTM, DNN, GRU 

Bosong Zou et al. 

(2023) 
✓ ✓ ✓  Bi-LSTM with AM 

Hanlei Sun et al. 

(2020) 
 ✓ ✓  Bi-LSTM 

Xiaolei Bian et al. 

(2022) 
 ✓ ✓  ANN 

Zhanxin Zou et al. 

(2023) 
  ✓  BP, PCR 

Xin Xiong et al. 

(2023) 
✓ ✓ ✓ ✓ 

GPR, LSTM 
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Table 2.4 Presents a comparison of previous research (Continued) 

Reference Dataset ICA Resampling Method 

Oxford NASA 

Liang Zhang et al. 

(2023) 
✓ ✓   

Ensemble 

Jiang Wu et al. 

(2023) 
✓ ✓   

GPR, LSTM, BP 

Lijun Zhang (2023)  ✓   LSTM 

Adrienn Dineva 

(2024) 
✓ ✓   

ML and AI 

A.G. Olabi et al. 

(2024) 
✓ ✓   

ANN, FNN, CNN 

S. Techanok, N. 

Junhuathon and K. 

Chayakulkheeree 

(2025) 

✓    

LSTM 

Proposed 

Framework 
✓ ✓ ✓ ✓ 

LSTM, Bi-LSTM, 
AM-LSTM, GRU, GPR 

 

Based on Table 2.4, which presents a comparative review of previous research 
related to battery SOH estimation including aspects such as model selection, data 
preparation techniques, and dataset usage a set of summary charts has been created 
to clearly illustrate the prevailing research trends. Figure 2.1 shows the proportion of 
studies using datasets such as Oxford and NASA. Figure 2.2 summarizes the application 
of feature extraction techniques, notably ICA and resampling, while Fig. 2.3 compares 
the frequency of use for various model types, including LSTM, Bi-LSTM, AM-LSTM, GRU, 
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and GPR. Together, these figures provide a comprehensive overview of common 
practices in SOH estimation. 
 

 
Figure 2.1 The comparison of battery datasets 

 
Figure 2.1  shows the distribution of battery datasets used in the reviewed 

research. The NASA dataset is the most frequently used, appearing in 41.7% of the 
studies, followed by the Oxford dataset at 25%. Other datasets account for 33.3%. 
 

 
Figure 2.2 The comparison of feature engineering techniques 
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Figure 2.2  illustrates the use of data preprocessing techniques in the reviewed 
studies. Among all studies, 33.3% applied ICA for feature extraction, while only 16% 
employed resampling techniques. Notably, 50% of the studies did not apply either ICA 
or resampling, indicating that such preprocessing methods are not yet widely adopted 
compared to the focus on model development. 

 

 
Figure 2.3 The comparison of model usage rates 

 
Figure 2.3  illustrates the distribution of model types used for SOH estimation. 

Among them, LSTM is the most frequently adopted, accounting for 20.8% of the 
studies, followed by Bi-LSTM and AM-LSTM at 4.2%, GRU at 8.3% and GPR at 10.4%. 
Other models not included in the main categories make up 52.1% of the total. 
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2.6 Battery Degradation 

The degradation of LIBs is an inevitable process that occurs progressively with 
repeated charge–discharge cycles. It arises from both electrochemical and structural 
changes within the cell, which gradually deteriorate its performance over time. During 
normal operation, lithium ions shuttle between the cathode and anode through the 
electrolyte. Over many cycles, several irreversible phenomena occur, including: 

1) Formation of the SEI: This layer forms on the anode surface as a result of 
side reactions between the electrolyte and electrode materials. Although 
the SEI layer initially helps stabilize the interface, it continues to grow with 
cycling, increasing internal resistance and hindering Li-ion transport. 

2) Loss of Active Lithium Ions: Some lithium ions become trapped within the 
SEI layer or participate in unwanted side reactions, reducing the number of 
active ions available for charge transfer. This directly contributes to the 
gradual loss of battery capacity. 

3) Electrode Structural Deformation: The repetitive expansion and contraction 
of electrode materials during lithiation and delithiation can lead to particle 
cracking or detachment, decreasing the effective reaction surface area. 

Lithium Plating: Under conditions such as fast charging or low temperature, 

metallic lithium may deposit on the anode surface instead of intercalating into the 

carbon structure. This not only accelerates capacity fading but also poses safety risks 

due to potential short circuits. 

The degradation of LIBs, as described earlier, directly affects their performance, 

particularly in terms of capacity and internal resistance. These two parameters have 

long been the main indicators used to evaluate the SOH of a battery before modern 

estimation techniques were introduced. In the early stages of battery research, SOH 

assessment relied heavily on experimental and electrochemical analysis methods. 

Researchers often measured the loss of capacity after each full charge–discharge cycle 

or observed the increase in internal resistance using techniques such as 

Electrochemical Impedance Spectroscopy (EIS) or DC resistance measurement. Some 

studies also analyzed open-circuit voltage (OCV) curves to identify chemical or 
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structural changes inside the cell. Although these traditional approaches provided 

accurate insights into degradation behavior, they required time-consuming experiments 

and specialized laboratory equipment. Moreover, they were not suitable for real-time 

monitoring, as the battery had to be taken out of operation for each test. (Berecibar 

et al. (2016)) 

To overcome these limitations, researchers later developed model-based 

estimation methods, such as the Equivalent Circuit Model (ECM) and Electrochemical 

Model (EM), which aimed to represent battery behavior through mathematical and 

physical equations. However, these models often required complex parameter 

identification and detailed information about internal cell characteristics, which are 

difficult to obtain in practice. 

With the advancement of computing power and data availability, the focus 
gradually shifted toward data-driven approaches, which estimate SOH by analyzing 
measurable parameters such as voltage, current, temperature, and time during battery 
operation. Instead of relying on physical modeling, these methods allow the system 
to learn degradation patterns directly from operational data, leading to more flexible 
and efficient SOH estimation. 
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2.7 Definition and Calculation of SOH 

SOH is a measure of the overall condition of a battery compared to its ideal or 
new state. It reflects the battery's ability to store and deliver energy effectively. SOH 
is expressed as a percentage, where 100% represents a battery in perfect condition, 
and lower percentages indicate varying degrees of degradation. SOH is influenced by 
various factors such as the number of charge-discharge cycles, temperature, and usage 
patterns. It helps in assessing the battery's performance and predicting its RUL. SOH 
can be calculated using the following formula in Equation (2.1). 

%𝑆𝑂𝐻 =
𝐶𝑟𝑒𝑚𝑎𝑖𝑛

𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙
 (2.1) 

Where: 𝐶𝑟𝑒𝑚𝑎𝑖𝑛 is the maximum charge, the battery can hold at its current 
state. 𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙 is the rated capacity of the battery when it was new.  As the battery 
ages, 𝐶𝑟𝑒𝑚𝑎𝑖𝑛 decreases with increased usage. 

 

2.8 Model Definition 

Deep learning models come in various forms, and choosing the appropriate 
one depends on the nature of the data and the objectives of the analysis. In the 
context of battery charge/discharge processes, it is essential to employ models that 
can learn sequential patterns and temporal dependencies. This ability allows the 
model to detect subtle variations that reflect battery degradation more accurately. 
Therefore, this section introduces the selected model used for assessing battery 
performance based on the extracted features. 

2.8.1 LSTM Model Architecture 

The LSTM neural network is a type of RNN developed to address the 
vanishing gradient problem, which commonly occurs in traditional RNNs when dealing 
with long or complex time sequences. LSTM is designed to efficiently remember and 
selectively retain important information across time sequences. 

The structure illustrated in the figure represents the internal 
architecture of a LSTM cell, which is composed of three main gates: the Forget Gate, 
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Input Gate, and Output Gate. These gates collectively regulate the flow of information 
through time, enabling the network to retain long-term dependencies while discarding 
irrelevant information effectively. The overall architecture of the LSTM model used in 
this study is shown in Fig. 2.4. 

1) Forget Gate (𝑓𝑡) This gate determines which information from the 
previous cell state (𝐶𝑡−1) should be retained or discarded. A sigmoid activation function 
(σ) is applied to the combination of the current input (𝑥𝑡) and the previous hidden 
state (ℎ𝑡−1), producing a value between 0 and 1. A value closer to 0 indicates that the 
information in 𝐶𝑡−1  is largely forgotten, while a value near 1 means it is mostly 
preserved. 

2) Input Gate ( 𝑖𝑡, 𝑔𝑡 ) The input gate controls how much new 
information from the current input 𝑥𝑡and the previous hidden state ℎ𝑡−1should be 

added to the cell state. The sigmoid function (σ) computes the input weight (𝑖𝑡 ), while 
the tanh activation generates a candidate input (𝑔𝑡). These two components are then 
multiplied together and integrated into the cell state, allowing selective updating of 
memory with relevant information. 

3) Output Gate (𝑜𝑡) The output gate decides which part of the cell state 
will be passed to the hidden state ℎ𝑡 . A sigmoid activation generates the output weight 

(𝑜𝑡 ), while the updated cell state 𝐶𝑡 passes through a tanh activation to produce the 
final hidden state ℎ𝑡 = 𝑜𝑡 × tanh⁡(𝐶𝑡), which serves as the LSTM’s output at time step 

𝑡. 
4) Cell State Update (𝐶𝑡 ) The updated cell state 𝐶𝑡 is obtained by 

combining two components: 
- The retained portion of the previous state (𝑓𝑡 × 𝐶𝑡−1) 
- The newly added information from the input gate (𝑖𝑡 × 𝑔𝑡) 
This mechanism enables the LSTM to preserve essential long-term 

information across multiple time steps. 
5) Fully Connected Layer and SOH Estimation The resulting hidden 

state ℎ𝑡  is then fed into a fully connected layer, which captures both linear and 
nonlinear relationships among features before producing the final output representing 
the estimated SOH of the battery. 
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These mechanisms enable LSTM to effectively learn temporal 
relationships without losing important information from previous sequences, while also 
discarding irrelevant data. This makes it highly suitable for processing time-series data, 
such as voltage, current, and temperature measurements of batteries, which vary 
continuously over charge and discharge cycles. For further details, see (Nguyen Van & 
Quang, 2023) 

Therefore, LSTM is an appropriate model for estimating the SOH of 
batteries, as it can capture gradual degradation patterns occurring across multiple 
charge–discharge cycles. 

 

 

Figure 2.4 An example of the LSTM cell 

2.8.2 Bi-LSTM Model Architecture 

The Bi-LSTM network is an advanced extension of the conventional 
LSTM architecture designed to enhance the model’s ability to learn temporal 
dependencies from both past and future contexts. In a Bi-LSTM layer, two parallel 
LSTM units operate simultaneously: one processes the input sequence in the forward 
direction (from past to future), while the other processes it in the reverse direction 
(from future to past). The outputs from both directions are then concatenated to form 
a unified representation that captures bidirectional temporal information within the 
sequence. 
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The architecture of the Bi-LSTM model, as illustrated in the Fig. 2.5, 
demonstrates the bidirectional processing of sequential data using two parallel LSTM 
layers: the Forward Layer and the Backward Layer. This structure allows the model to 
capture temporal dependencies in both directions, enhancing its ability to understand 
complex time-series relationships.  

In the Forward Layer, data are processed sequentially from left to right, 
where each input at time step 𝑥𝑡 is propagated to the next time step 𝑡 + 1, allowing 
the model to learn temporal patterns in the normal direction. Meanwhile, the 
Backward Layer processes the same sequence in the opposite direction from right to 
left enabling the model to retain contextual information from both past and future 
time steps simultaneously. 

At each time step, the outputs from both directions are concatenated 
and passed through an activation layer to form a comprehensive feature 
representation that integrates information from the entire sequence. This bidirectional 
mechanism enables the Bi-LSTM to better capture dependencies that a unidirectional 
LSTM might miss, leading to smoother and more context-aware predictions. 

For the SOH estimation task, the combined output from the forward 
and backward layers is passed through a fully connected layer to produce the final 
estimation. This structure enhances the model’s capability to learn the complex, 
nonlinear degradation behavior of batteries over time, resulting in improved accuracy 
and robustness in prediction performance. For further details, see (B. Zou et al., 2023) 

Although incorporating the backward direction increases the model’s 
structural complexity and requires more training time, the benefit lies in its enhanced 
ability to capture temporal patterns with greater smoothness and precision than the 
standard LSTM. This makes it particularly suitable for estimation tasks that rely heavily 
on the continuity and consistency of time-series data. 
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Figure 2.5 The Bi-LSTM network architecture 

2.8.3 AM-LSTM Model Architecture 

The AM-LSTM network is an enhanced architecture designed to improve 
the model’s ability to focus on the most relevant parts of a temporal sequence. The 
attention mechanism acts as a dynamic weighting process that evaluates the 
importance of each time step with respect to the prediction target. Instead of treating 
all input information equally, the model assigns higher weights to time steps that 
contribute more significantly to the output while reducing the influence of less 
relevant data.  

The structure of the Attention-based LSTM model, as illustrated in the 
Fig. 2.6, By integrating an Attention Layer, the model can “focus” on the most relevant 
time steps that significantly influence the prediction, instead of treating all input 
sequences with equal importance as in a standard LSTM. 

Within the LSTM Layer, the model processes the sequential inputs 
𝑥𝑡, 𝑥𝑡+1, . . . , 𝑥𝑇 to generate a series of hidden states (ℎ𝑡 , ℎ𝑡+1, . . . , ℎ𝑇 ), each capturing 
contextual information at a specific time step. These hidden states are then fed into 
the Attention Mechanism, which computes the importance weights (attention scores) 
corresponding to each temporal step. In the Attention Layer, the tanh activation 
function is used to transform each hidden state into a relevance vector that reflects 
its contribution to the output. Then, the Softmax function normalizes these values 
into a probability distribution, ensuring that the attention weights sum to one. This 
allows the model to determine the relative importance of each time step. The final 
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context vector (𝑍) is obtained by computing the weighted sum of all hidden states 
according to their respective attention weights. 

Subsequently, the output from the Attention Layer is passed to a Fully 
Connected Layer, which performs the final regression to estimate the SOH. The 
incorporation of the Attention mechanism enables the model to effectively capture 
critical patterns in specific time intervals that reflect battery degradation behavior, 
thereby improving the accuracy and robustness of SOH estimation compared to the 
conventional LSTM model. For further details, see (B. Zou et al., 2023) 

In the context of battery SOH estimation, the attention mechanism 
allows the model to concentrate on critical moments such as abrupt voltage or current 
variations that indicate degradation behaviors. This selective focus leads to more 
accurate and robust SOH predictions, as the model can better capture the underlying 
dynamics of battery aging over multiple charge-discharge cycles. 
 

 

Figure 2.6 The ATT-LSTM network architecture 

2.8.4 GRU Model Architecture 

The GRU is an advanced RNN architecture designed to address the 
vanishing gradient problem commonly encountered in traditional RNNs. Similar in 
concept to the LSTM network, GRU introduces a simplified yet efficient structure that 
reduces computational complexity and the number of trainable parameters, while still 
maintaining the ability to capture long-term dependencies within sequential data. 
Structurally, GRU employs two main gating mechanisms: the update gate and the reset 
gate.  
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1) Reset Gate (𝑟𝑡), This gate acts like a filter for past information. It 

takes the current input (𝑥𝑡) and the previous hidden state (ℎ𝑡−1) to decide how much 

of the old memory (ℎ𝑡−1) is irrelevant to the current input. Essentially, it determines 

what to "forget" or "reset" from the past before the cell calculates its new candidate 

information (ℎ̃𝑡). 

2) Update Gate (𝑧𝑡), This gate is key for blending the data. The update 

gate (𝑧𝑡) learns (from 𝑥𝑡and ℎ𝑡−1) to decide the "proportion" of new information to 

add. Its value (between 0 and 1) determines how much of the old memory (ℎ𝑡−1) to 

keep (the 1 − 𝑧𝑡 part) and how much of the new candidate information (ℎ̃𝑡) to accept 

(the 𝑧𝑡 part) 

3) New Hidden State (ℎ𝑡), This is the final output for this time step. It's 

the "merged" result of the old and new information, based on the proportions set by 

the update gate (𝑧𝑡) in the equation ℎ𝑡 = (1 − 𝑧𝑡)⨀ℎ𝑡−1 + 𝑧𝑡⨀ℎ̃𝑡. This ℎ𝑡 becomes 

the new "updated memory," which is then passed on to the next time step (𝑡 − 1) to 

continue analyzing the battery's SOH trend. 

The architecture of the GRU is presented in Fig. 2.7. Unlike LSTM, GRU 
eliminates the separate memory cell state and relies solely on the hidden state to 
store and update information. For further details, see (Fan et al., 2020). This design 
simplification allows for faster training and reduced computational cost, while still 
achieving comparable accuracy in learning long-term temporal relationships. Due to its 
efficiency and compact architecture, GRU often provides faster convergence when 
handling large or repetitive datasets, such as charging–discharging sequences in battery 
systems.  
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Figure 2.7 The GRU network architecture 

 

2.8.5 GPR Model Architecture 

GPR is a statistical technique based on the concept of the Gaussian 
distribution, which is used to model the relationship between input and output 
variables without requiring an explicit predefined functional form. GPR can be viewed 
as an extension of linear regression to a more flexible, non-parametric approach by 
defining a Gaussian process over possible functions rather than focusing solely on 
specific model parameters. The core principle of GPR lies in the covariance function, 
also known as the kernel function, which determines how similar or related different 
data points are to one another. This kernel-based formulation allows GPR to capture 
complex and nonlinear relationships in the data effectively. By computing the 
correlations between all input samples, GPR constructs a probabilistic model that 
provides smooth and consistent predictions even when the data distribution is irregular 
or noisy. One of the main advantages of GPR is its ability to provide both predicted 
values and uncertainty estimates simultaneously. This characteristic is particularly 
beneficial in battery SOH estimation, where understanding the model’s confidence 
level in each prediction is as important as the prediction itself. The uncertainty 
quantification enhances the interpretability and reliability of the estimation results. For 
further details, see (Wang et al., 2022) 

However, GPR has a major limitation in terms of computational cost 
when dealing with large datasets, since it must compute correlations between all pairs 
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of data points. As the dataset size increases, the amount of required computation 
grows significantly, resulting in longer training times and higher memory consumption. 
Therefore, GPR is generally more suitable for problems with smaller datasets or for use 
as a benchmark model to compare against deep learning-based approaches in terms 
of accuracy and interpretability. 

Based on the reviewed literature, various models have been employed 
for estimating the SOH of batteries, ranging from statistical to deep learning 
approaches. Each model possesses distinct principles and structural designs to handle 
the complexity and time-dependent characteristics of battery data. Deep learning 
models such as LSTM, Bi-LSTM, GRU, and Attention-based LSTM have demonstrated 
strong capabilities in capturing temporal dependencies and degradation behaviors 
effectively, while the statistical model GPR offers advantages in interpretability and in 
providing uncertainty estimates for predictions. Comparing these models highlights 
their respective strengths and limitations, providing a clearer understanding of different 
methodological perspectives in battery health estimation.  

 

2.9 Evaluation Metrics 

To evaluate the performance of the models used for estimating the battery 
SOH, which is expressed as a percentage (%SOH), several evaluation metrics are 
employed to assess both accuracy and consistency. In this study, four commonly used 
metrics are selected: MSE, RMSE, MAE, and MAPE. Each of these metrics provides a 
different perspective on the model’s estimation capability. 

2.9.1 Root Mean Squared Error 

RMSE, defined in Equation (2.2), is the square root of MSE and provides 
an interpretable measure of error in the same unit as the output variable (%SOH). It 
offers an intuitive understanding of the model’s estimation precision and is sensitive 
to large errors. RMSE is especially useful in this study for evaluating how well the 
model can maintain consistent estimation accuracy across different degradation stages.  
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𝑅𝑀𝑆𝐸 = √
1

𝑛
∑𝑆𝑂𝐻(𝑖) − 𝑆𝑂𝐻𝑒(𝑖))

𝑛

𝑖=1

2

 (2.2) 

Where 𝑛 is a number of cycles⁡ 𝑆𝑂𝐻, is actual capacity, 𝑆𝑂𝐻𝑒 is 
estimated capacity.  

2.9.2 Mean Squared Error 

MSE measures the average of the squared differences between the 
estimated and actual SOH values, as shown in Equation (2.3). This metric emphasizes 
larger deviations by squaring the error terms, making it particularly useful for identifying 
models that minimize large prediction discrepancies. A lower MSE value indicates that 
the model’s estimations are closer to the actual SOH across the dataset.  

𝑀𝑆𝐸 =
1

𝑛
∑(𝑆𝑂𝐻(𝑖) − 𝑆𝑂𝐻𝑒(𝑖))

𝑛

𝑖=1

 (2.3) 

2.9.3 Mean Absolute Error 

MAE represents the average magnitude of the absolute differences 
between estimated and actual SOH values, as expressed in Equation (2.4). Unlike MSE 
or RMSE, MAE does not square the differences, making it less sensitive to outliers. This 
metric highlights the model’s general estimation capability and provides an 
interpretable measure of average error that directly corresponds to the deviation 
percentage of SOH.  

𝑀𝐴𝐸 =
1

𝑛
∑|𝑆𝑂𝐻(𝑖) − 𝑆𝑂𝐻𝑒(𝑖)|

𝑛

𝑖=1

 (2.4) 

2.9.4 Mean Absolute Percentage Error 

MAPE, formulated in Equation (2.5), expresses the average estimation 
error as a percentage of the actual SOH values. This allows for straightforward 
comparison between datasets with different scales. Since the SOH output in this study 
is represented in percentage form (%SOH), MAPE provides an intuitive metric for 
understanding how far, on average, the estimated battery health deviates from its true 
value.  
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𝑆𝑂𝐻(𝑖)
| × 100%

𝑛

𝑖=1

 (2.5) 

Using all four metrics provides a comprehensive evaluation of model 
accuracy, covering aspects such as absolute error, squared error, and relative error in 
percentage terms. 
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CHAPTER III 
EVALUATING THE ROLE OF OCV IN LSTM MODEL 

 

3.1 Introduction 

Estimating the degradation of a battery, often referred to as the SOH, is a crucial 
step for monitoring its performance over time. As a battery is used, its ability to store 
charge gradually decreases, which directly affects its overall performance and lifespan. 
Accurate SOH estimation is therefore essential for effective energy management in 
electrical devices and electric vehicles. Currently, SOH estimation often relies on 
machine learning techniques applied to data collected during the charging and 
discharging processes. The accuracy of these models strongly depends on the quality 
of the input features. Features that effectively capture the electrical behavior of the 
battery can help the model learn the degradation patterns more accurately. This 
chapter focuses on comparing the performance of models using features derived from 
the OCV against models using standard features alone. The goal is to investigate 
whether including OCV-related features can improve the accuracy of SOH estimation. 
The study uses data from the Oxford Battery Dataset, a widely recognized dataset 
containing detailed charge and discharge records of LIBs. Features extracted include 
the 𝐴𝑈𝐶𝑣 and the time taken for each charge–discharge cycle, along with features 
related to OCV. These features are then used to evaluate the performance of the 
model. The results show that incorporating OCV-related features improves the 
accuracy of SOH estimation compared to using only basic features. This highlights that 
OCV is an important parameter reflecting battery degradation and can be effectively 
used to enhance model performance for SOH estimation. Figure 3.1 shows the 
proposed estimation approach framework.
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Figure 3.1 Framework of comparative analysis between LSTM models with and  

without OCV feature inclusion 

 

3.2 Battery Datasets Utilized 

As discussed in Section 3.2, various open-access battery datasets have been 
proposed for SOH estimation. In this chapter, the focus is placed solely on the Oxford 
Battery Degradation Dataset.  

3.2.1 Oxford Battery Degradation Dataset 

The Oxford Battery Degradation Dataset 1 contains ageing data from 
eight small Kokam SLPB533459H4 Li-ion pouch cells, each with a nominal capacity of 

740 mAh. The test subjects consist of 8 × Kokam CO LTD, SLPB533459H4 cells. All tests 

were conducted in a thermal chamber maintained at 40 °C. The cells underwent a 
constant-current–constant-voltage (CC–CV) charging profile, followed by a drive cycle 
discharging profile derived from the urban Artemis driving pattern. Characterisation 
measurements, including 1-C charge/discharge and pseudo-OCV tests, were recorded 
every 100 drive cycles. In this study, the 1-C charge/discharge test data were selected 
for analysis and visualization. Each 1-C test was conducted using a constant current of 

740 mA. The sampling rate was 1 second per measurement point. Each measurement 
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includes the following parameters: time (t, in seconds), voltage (v, in Volts), charge (q, 
in mAh), and temperature (T, in degrees Celsius). However, there are data recording 
mistakes or electrical noise segments in the dataset. Therefore, before doing feature 
extraction for additional analysis, data cleaning and preprocessing are necessary. From 
the recorded data during the charging and discharging processes, the voltage and 
current profiles for selected cycles are plotted. Figures 3.2 and 3.3 show the voltage 
and current profiles during the charging process, respectively, while Figs. 3.4 and 3.5 
present the corresponding profiles during discharging. These plots illustrate the typical 
behavior of the battery under the applied test conditions and highlight the 
fundamental characteristics of the dataset. However, to understand how these profiles 
evolve over multiple cycles in relation to the battery's SOH, further analysis is provided 
in the Feature Extraction section. 

 

Figure 3.2 Voltage profiles of Cell 1 during charging cycle from the Oxford Battery 

Dataset 



43 

 

Figure 3.3 Current profiles of Cell 1 during charging cycle from the Oxford Battery 

Dataset 

 

Figure 3.4 Voltage profiles of Cell 1 during discharging cycle from the Oxford  

Battery Dataset 
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Figure 3.5 Current profiles of Cell 1 during discharging cycle from the Oxford  

Battery Dataset 

During the charging and discharging processes, voltage cut-off limits are 
defined to ensure safety and stability. In the charging cycle, the voltage increases from 

2.7 V to 4.2 V, whereas in the discharging cycle, it decreases from 4.2 V to 2.7 V. 
To better understand the degradation behavior of the battery over time, 

the SOH of each cell was plotted as a function of the number of charge-discharge 
cycles. Figure 3.6 helps highlight the gradual decline in capacity and provides insight 
into the ageing characteristics under repeated cycling. 
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Figure 3.6 SOH degradation curves of all 8 cells from the Oxford Battery 

Degradation Dataset 

3.2.2 OCV Characteristics as a Health-Aware Feature 

The OCV is a fundamental parameter that reflects the internal 
electrochemical state of a battery cell. OCV has a direct relationship with the SOC and 
can be used as an indicator of the electrode material’s integrity and the amount of 
active lithium remaining within the cell. As the battery undergoes degradation over 
long-term usage, the shape of the OCV–SOC curve gradually changes, making it a 
valuable feature for estimating the SOH effectively. Physically, variations in OCV arise 
from changes in the chemical potential between the positive and negative electrodes. 
These changes occur as a result of internal structural degradation, such as the loss of 
active lithium ions, deterioration of electrode materials, or the thickening of the SEI 
layer. All of these mechanisms contribute to deviations in the open-circuit voltage at 
specific SOC levels from their nominal values. Consequently, the shape of the OCV 
curve is often used for analysis or feature extraction to represent the degradation state 
of a battery cell. For example, in this study, the voltage curve area during the charging 
and discharging phases is selected as one of the features to assist in the estimation of 
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the battery SOH, along with other parameters such as the potential difference at 
certain SOC points or the slope of the OCV curve. These characteristics provide insight 
into the underlying chemical changes occurring throughout the battery’s operational 
cycles. 

In the Oxford Battery Degradation Dataset used in this work, the voltage 
data were collected in the form of Pseudo-OCV cycles, obtained under a constant 
current of 40 mA. Although these measurements are not true OCV readings taken 
under equilibrium conditions, they provide a reliable approximation of OCV behavior 
and closely reflect the electrochemical dynamics of the cells. Therefore, the Pseudo-
OCV data can be effectively used as additional features to enhance the performance 
of SOH estimation models. 

3.2.3 Data Preprocessing 

Before feature extraction, the raw dataset was carefully examined and 
cleaned. Some charging and discharging cycles exhibited abnormal behavior that 
clearly deviated from the expected trend, such as sudden voltage or current 
fluctuations. These anomalies were likely caused by measurement errors or hardware 
issues during data acquisition. Therefore, such cycles were removed from the dataset 
to ensure that the data used for model training accurately represented the real 
behavior of the battery. 

After the cleaning process, the dataset was divided into three subsets: 
training, validation, and testing. To ensure a reliable evaluation of the model's 
generalization capability on unseen data, this division was performed based on battery 
cell identity, guaranteeing that no data from the same cell appeared across different 
subsets. 

1) Training set (Cells 1–4): This subset, consisting of data from Cells 
1–4, was used to train the model parameters. 

2) Validation set (Cells 5–7): This subset included data from Cells 
5–7, which served to fine-tune model hyperparameters and prevent overfitting during 
the training process. 
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3) Testing set (Cell 8): Finally, Cell 8 was reserved exclusively for 
testing to assess the model’s generalization performance on data from a completely 
unseen battery. 
 

3.3 Feature Extraction Methodology 
To effectively estimate the SOH of LIBs, it is essential to extract relevant 

features that represent the battery’s degradation behavior over time. These features 
are typically derived from raw data collected during charging and discharging cycles, 
including voltage and current. Feature extraction helps reduce data dimensionality and 
highlights important patterns or characteristics that are valuable for machine learning 
model training. 

3.3.1 Area under curve 
The AUC is a quantitative measure used to represent the accumulated 

value of a variable over a specific range. In this study, AUC is calculated from the 
voltage and current profiles recorded during both charging and discharging cycles. It is 
used as a feature that reflects the energy behavior and performance characteristics of 
the battery over time. The AUC is computed using the trapezoidal integration method 
as shown in the following equation (3.1). 

𝐴𝑈𝐶 = ∫ 𝑥(𝑡)
𝑡𝑛

𝑡0

= ∑
(𝑥𝑖 + 𝑥𝑖+1)

2

𝑛−1

𝑖=1

∙ (𝑡𝑖+1 − 𝑡𝑖) (3.1) 

where 𝑥𝑡 represents either the voltage or current at time⁡𝑡, and 𝑡0 to 
𝑡𝑛 are the time intervals during the cycle. This integration provides insight into the 
total energy processed during each cycle, and variations in AUC values can be 
correlated with battery ageing and SOH degradation. When plotting voltage versus time 
and current versus time for every cycle of the battery cell, it can be observed that the 
curves tend to become smaller as the number of cycles increases. This indicates a 
gradual decline in both voltage and current profiles, reflecting the degradation of 
battery performance over time. Figures 3.7 and 3.8 illustrate the voltage profiles of 
Cell 1 during all charge and discharge cycles, respectively. Similarly, Figs. 3.9 and 3.10 
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present the corresponding current profiles for Cell 1. The profiles of the remaining cells 
are provided in the Appendix A for completeness. 

 

Figure 3.7 Voltage profiles Cell 1 of Oxford are used to charge all the cycles. 

 

Figure 3.8 Voltage profiles Cell 1 of Oxford are used to discharge all the cycles. 
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Figure 3.9 Current profiles Cell1 of Oxford are used to charge all the cycles. 

 

Figure 3.10 Current profiles Cell1 of Oxford are used to discharge all the cycles. 
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Consequently, when calculating the AUC using voltage and current 
data, it is found that the AUC values tend to decrease as the number of operating 
cycles increases. Before visualization, Min-Max Normalization was applied to the data. 
The normalized AUC graphs of voltage and current during the charging process for the 
Oxford dataset are illustrated in Fig. 3.11 and Fig. 3.12, respectively. Similarly, Fig. 3.13 
and Fig. 3.14 show the normalized AUC graphs of voltage and current during the 
discharging process. 
 

 

Figure 3.11 Normalized AUC of voltage during the charging cycle from the Oxford  

dataset 



51 

 

Figure 3.12 Normalized AUC of current during the charging cycle from the Oxford  

dataset 

 

Figure 3.13 Normalized AUC of voltage during the discharging cycle from the Oxford  

dataset. 
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Figure 3.14 Normalized AUC of current during the discharging cycle from the Oxford  

dataset 

The overall trends of the normalized AUC values derived from both 
voltage and current data show a similar decreasing pattern to the battery's SOH, 
indicating a strong correlation between AUC behavior and battery degradation. 

3.3.2 The charging and discharging durations 
The charging and discharging durations are used as features for further 

analysis. The charging time refers to the period from the start of the charging process 
until the battery reaches its maximum voltage threshold, while the discharging time 
corresponds to the period during which the battery releases energy until its voltage 
drops to a predefined minimum. These time durations, recorded across operating 
cycles, tend to vary as the battery ages and can therefore serve as useful indicators 
for assessing the battery's SOH. However, it was observed that the NASA dataset 
contains anomalies towards the end of each cycle, particularly after the battery has 
been fully charged or completely discharged. The data recording continued beyond 
the actual end point, resulting in an overestimation of the charging and discharging 
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durations. Therefore, it was necessary to remove these erroneous segments prior to 
feature extraction in order to obtain accurate time duration values. 

A correlation matrix was then constructed to analyze the relationships 
between the extracted features and the battery’s SOH. The coefficient of 
determination (R²) was used to quantify the linear correlation between each feature 
and the SOH value. The results showed that all three selected features voltage curve 
area (𝐴𝑈𝐶𝑣), charging and discharging time, and AUC of voltage during the OCV 
measurement cycle exhibited strong correlations with the SOH, with R² values close 
to 1. This indicates that these features effectively capture the underlying physical 
behavior related to battery degradation. The results of this analysis are presented in 
Fig. 3.15. 

 

Figure 3.15 The correlation matrix 

3.3.3 Hyperparameter Settings 
Hyperparameter configuration plays a crucial role in determining the 

performance of a neural network model. Properly tuned hyperparameters enable the 
model to learn efficiently and help prevent overfitting, which occurs when the model 
performs well on training data but fails to generalize to unseen data. In this study, the 
same hyperparameter settings were applied to both models the one without OCV 
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information and the one with OCV information to ensure a fair comparison and to 
isolate the effect of incorporating the OCV feature on the model’s SOH estimation 
accuracy. The complete configuration of hyperparameters used in the LSTM models 
in Table 3.1. 

Table 3.1 Hyperparameter Settings for Training 
Parameter Value 

Number of Hidden Units 10 
Max Epochs 300 
Mini-Batch Size 1024 
Initial Learn Rate 0.1 
Learn Rate Drop Factor 0.5 
Learn Rate Drop Period 40 epochs 
Optimizer Adam 

 

3.4 Results of the Proposed SOH Estimation Method 
After completing data preprocessing and feature extraction, the prepared 

dataset was divided into training, validation, and testing subsets as previously detailed. 
The training set was used to train the model parameters. The validation set served to 
fine-tune model hyperparameters and prevent overfitting. Finally, the testing set was 
reserved exclusively for testing to assess the model’s generalization performance on 
unseen data. This separation ensures that the evaluation results reflect the true 
predictive capability of the proposed SOH estimation model rather than memorization 
of previously observed patterns. The estimation results for Cell 8 are presented to 
evaluate the performance of the proposed SOH models. In particular, the predictions 
from the model that includes the OCV feature are compared with those from the 
model without OCV. This comparison highlights the impact of incorporating OCV on 
the accuracy of SOH estimation and provides insight into how additional 
electrochemical information can improve predictive performance. The results are 
illustrated in Fig. 3.16, where the predicted SOH values are plotted alongside the true 
measurements for clear visual comparison. 
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Figure 3.16 SOH estimation of Cell 8 from the Oxford dataset 

As shown in the figures, the model without OCV already provides reasonably 
accurate SOH predictions. However, the model with OCV demonstrates improved 
performance, indicating that including the OCV feature contributes to enhancing the 
estimation accuracy. To ensure the reliability of the results, the experiments were 
repeated three times, and consistent outcomes were obtained. The quantitative 
results of the SOH estimation, evaluated using the four metrics, are summarized in 
Table 3.2. 
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Table 3.2 Quantitative Evaluation of SOH Estimation for Cell 8 Using Different Models 

Test Model Metrics 
RMSE MSE MAE MAPE 

1 
without OCV 0.4518 0.2041 0.404 0.4790 

with OCV 0.1071 0.0115 0.0677 0.0778 

2 
without OCV 0.4130 0.1706 0.3610 0.4208 

with OCV 0.1040 0.0108 0.0859 0.1022 

3 
without OCV 0.4331 0.1881 0.3873 0.4537 

with OCV 0.1128 0.0127 0.0868 0.1060 
 
The estimation results show that adding the OCV parameter to the model 

improves the estimation accuracy significantly. The model without OCV achieved an 
RMSE of 0.4130, MSE of 0.1706, MAE of 0.3610, and MAPE of 0.4208. In contrast, the 
model with OCV achieved much better performance with an RMSE of 0.1040, MSE of 
0.0108, MAE of 0.0859, and MAPE of 0.1022. Although including the OCV parameter 
enhances accuracy, it requires additional measurement equipment and may not be 
practical for real-world applications. 

 
3.5 Summary 

This study investigates the estimation of Li-ion battery SOH by comparing LSTM 
models with and without the inclusion of the OCV parameter. The results indicate that 
the model incorporating OCV achieves higher accuracy in SOH estimation, as OCV 
provides additional information about the battery state, enabling the model to predict 
SOH more precisely. The advantage of using OCV lies in its direct correlation with the 
SOC and its lower noise compared to voltage measurements during charging or 
discharging, allowing the model to capture battery changes more accurately. However, 
including OCV increases the complexity of data processing and also extends the 
training time of the model, due to the higher dimensionality and detail of the input 
data. In addition, adding the OCV variable may raise the risk of overfitting, potentially 
affecting the model’s generalization capability. To mitigate overfitting, increasing the 
diversity of the training data is beneficial. This can be achieved by incorporating a wider 
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range of operating conditions and battery states, ensuring that the model generalizes 
well across different scenarios. 

In summary, incorporating OCV improves the accuracy of SOH estimation but 
requires additional complexity and longer training time. The full findings of this 
foundational study have been published, and the paper is included in Appendix E. This 
concept serves as a basis for the current research, which utilizes a larger dataset and 
additional feature extraction along with resampling techniques to reduce data and 
enhance the performance of deep learning models for SOH estimation. 

 

 

 



58 

CHAPTER IV 

INVESTIGATING THE IMPACT OF DATA RESAMPLING ON MODEL 
ACCURACY AND COMPLEXITY 

 

4.1 Introduction 

This chapter details the core experimental methodology and results of this 
study. The focus is on the application and evaluation of data resampling techniques 
for SOH estimation. The overall experimental framework for this chapter is illustrated 
in Fig. 4.1. The methodology will be applied to two distinct battery datasets: the Oxford 
Battery Degradation Dataset and the NASA Prognostics dataset. The performance of 
this approach will be systematically benchmarked across five different predictive 
models: LSTM, Bidirectional-LSTM (Bi-LSTM), AM-LSTM, GRU, and GPR. 

 

Figure 4.1 Experimental workflow for SOH estimation using data resampling. 
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4.2 Battery Datasets Utilized 
In addition to the Oxford Battery Degradation Dataset, which was used and 

detailed in Chapter III, this chapter also incorporates the NASA Prognostics dataset for 
analysis and evaluation. 

4.2.1 NASA Prognostics Center of Excellence Dataset 

The NASA Prognostics Center of Excellence (PCoE) dataset comprises 
ageing data collected from four LIBs: B0005, B0006, B0007, and B0018. These cells 
were subjected to three operational modes: charging, discharging, and impedance 
measurements, all conducted under room temperature conditions. During charging, 
each battery was charged using a constant current (CC) mode at 1.5 A until the terminal 
voltage reached 4.2 V, after which charging continued in a constant voltage (CV) mode 
until the charging current decreased to 20 mA. The characteristic charging voltage 
profile is illustrated in Fig. 4.2, and the corresponding current profile is shown in Fig. 
4.3. Discharge testing was performed using a constant current of 2 A, and the discharge 
process was terminated once the cell voltage dropped to predetermined cut-off 
levels, which were 2.7 V for cell B0005, 2.5 V for cells B0006 and B0018, and 2.2 V for 
cell B0007. Typical discharge voltage and current profiles are presented in Fig. 4.4 and 
Fig. 4.5, respectively. 

Each battery’s data was stored in a separate .mat file, and the recorded 
parameters included the measured voltage, current, and temperature, along with the 
corresponding charging current, charging voltage, and the timestamp in seconds. In this 
study, only the measured voltage and measured current were selected for both the 
charging and discharging cycles to ensure a consistent basis for analysis. It should be 
noted that this dataset contains certain limitations. Some cells exhibit inconsistencies 
in data logging, and a few segments show the presence of noise. For example, in some 
charging cycles, even after the cell voltage had reached 4.2 V and the current dropped 
to zero, the voltage occasionally decreased slightly, a phenomenon that is considered 
non-ideal and treated as noise. Similarly, during discharging, some records continued 
even after the battery had reached its designated cut-off voltage. To ensure data 



60 

integrity, all such anomalous segments were removed during a dedicated data-cleaning 
phase prior to feature extraction. 

 

 

Figure 4.2 Voltage profiles of B0005 during charging cycle from the NASA Battery 

Dataset 

 

Figure 4.3 Current profiles of B0005 during charging cycle from the NASA Battery  

Dataset 
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Figure 4.4 Voltage profiles of B0005 during discharging cycle from the NASA Battery  

Dataset 

 

Figure 4.5 Current profiles of B0005 during discharging cycle from the NASA Battery 

Dataset 

The degradation behavior under different discharge cut-off voltages and 
operating profiles, the SOH trends of the four LIBs in the NASA dataset were plotted. 
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Figure 4.6 SOH degradation curves of all 8 cells from the Oxford Battery Degradation  

Dataset 

4.2.2 Dataset Partitioning Strategy 

Following the data preparation described in Chapter 3, the datasets 
were partitioned based on battery cell identity. This ensures that the testing set 
consists of a completely "unseen" battery. The specific allocation for both Oxford and 
NASA datasets is summarized in Table 4.1. 

Table 4.1 Hyperparameter Settings for Training 
Dataset Training Set Validation Set Testing Set 

Oxford Cells 1, 2, 3, 4 Cells 5, 6, 7 Cell 8 
NASA B0006, B0007 B0005 B0018 

 

4.3 Data Resampling 
Data resampling is a process used to alter the temporal resolution of time-

series data. This can involve increasing the data frequency (upsampling), often through 
interpolation, or decreasing it (downsampling), which involves selecting data at sparser 
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intervals rather than using every available data point. The primary goal of resampling 
is to adapt the dataset to improve the efficiency, speed, or analytical suitability of the 
model being applied. This study focuses exclusively on downsampling. The objective 
is to simplify the input data fed into the deep learning models, thereby reducing the 
computational load and training time, while critically aiming to preserve the accuracy 
of the battery's SOH estimation. To implement this, a fixed-step downsampling strategy 
was employed. Recognizing that the two datasets possess different characteristics and 
data logging frequencies, a distinct range of resampling intervals was applied to each. 
These specific intervals were determined based on preliminary exploratory 
experiments to establish a range that captures the spectrum from minor data reduction 
to highly sparse data. The selected intervals were: 

1) For the Oxford Dataset: Intervals of 20, 40, 60, 80, 100, 120, 140, 160, 
180, 200, 300, and 400 seconds were tested. 

2) For the NASA Dataset: Intervals of 10, 15, 20, 25, 30, 40, and 60 seconds 
were tested. 

For both datasets, the performance at these downsampled intervals was 
compared against the baseline (labeled 'None'), which utilizes the original, high-
resolution (non-resampled) data. This systematic approach allows for a thorough 
evaluation of the threshold at which reduced data still maintains acceptable accuracy 
and the point at which information loss begins to significantly degrade model 
performance. Ultimately, this experiment serves as a key step in identifying the optimal 
trade-off between data volume and model performance. 

The determination of resampling intervals in this research was based on criteria 
tailored to the specific temporal characteristics of each dataset, ensuring that the 
resampled data retained essential features for accurate estimation: 

For the Oxford dataset, the interval selection was based on the Relative 
Temporal Resolution framework. Given the average charging duration (𝑇𝑎𝑣𝑔) of 
approximately 3,600 seconds, a baseline interval of 20 seconds was selected. This 
value represents approximately 0.5% of the total duration, serving as a high-fidelity 
baseline. Subsequent intervals were increased in arithmetic progression to investigate 
the impact of resolution degradation. 
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Conversely, for the NASA dataset, the interval selection was guided by the 
Signal-to-Noise Ratio Enhancement principle. Due to the inherent sampling irregularity 
of approximately 2.5 to 3 seconds in the raw data, a baseline interval of 10 seconds 
was established. 

This value corresponds to a smoothing factor (𝑘) of approximately 3 to 4 times 
the raw sampling rate, chosen based on Variance Reduction principles. Statistically, 
aggregating data within this range significantly mitigates random noise and provides a 
necessary safety margin against sampling jitter. Consequently, the resampling process 
effectively acts as a low-pass filter, standardizing time-series stability before model 
training. 
 

4.4 Feature Extraction Methodology 
Following the data cleaning and preprocessing for both the Oxford and NASA 

datasets, the feature extraction process was performed. This involved calculating key 
degradation-aware indicators such as the AUC, Charging and Discharging Time Duration, 
and features derived from ICA. 

4.4.1 Area under curve 
The detailed methodology for calculating the AUC as a health-aware 

feature was previously established in Section 3.3.1. 
For the Oxford dataset, the identical set of AUC features presented in 

that section is utilized in this analysis. For the NASA dataset, the AUC features were 
calculated anew. To illustrate the raw data characteristics from which these features 
were extracted, representative cycle profiles for cell B0005 are shown in Figs. 4.7–4.10: 
the charge voltage profile (Fig. 4.7), charge current profile (Fig. 4.8), discharge voltage 
profile (Fig. 4.9), and discharge current profile (Fig. 4.10). The corresponding AUC data 
for the remaining NASA cells are presented in the Appendix B. 
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Figure 4.7 Voltage profiles B0005 of NASA are used to charge all the cycles 

 

Figure 4.8 Voltage profiles B0005 of NASA are used to discharge all the cycles 
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Figure 4.9 Current profiles B0005 of NASA are used to charge all the cycles 

 

Figure 4.10 Current profiles B0005 of NASA are used to discharge all the cycles 

After applying the AUC calculation to all cycles for all NASA cells, the 
resulting degradation features were normalized using Min-Max Normalization for 
visualization. The complete normalized AUC degradation trends for all NASA cells 
(B0005, B0006, B0007, and B0018) are presented in Figs. 4.11–4.14, showing the charge 
voltage AUC (Fig. 4.11), discharge voltage AUC (Fig. 4.12), charge current AUC (Fig. 4.13), 
and discharge current AUC (Fig. 4.14), respectively. 
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Figure 4.11 Normalized AUC of voltage during the charging cycle from the NASA 

dataset 

 

Figure 4.12 Normalized AUC of voltage during the discharging cycle from the NASA  

dataset 
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Figure 4.13 Normalized AUC of current during the charging cycle from the NASA 

dataset 

 

Figure 4.14 Normalized AUC of current during the discharging cycle from the NASA  

 Dataset 
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The overall trends of the normalized AUC values derived from both 
voltage and current data show a similar decreasing pattern to the battery's SOH, 
indicating a strong correlation between AUC behavior and battery degradation. 

4.4.2 The charging and discharging durations 

For both the Oxford and NASA datasets, the charging and discharging 
processes were recorded with corresponding timestamps. Therefore, the final recorded 
time value for each cycle can be extracted and used as a feature representing the 
charging and discharging duration. 
 

 

Figure 4.15 Charging and discharging time duration across cycles from the Oxford  

Dataset 
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Figure 4.16 Charging and discharging time duration across cycles from the NASA  

dataset 

As shown in Fig. 4.15, which presents the charging and discharging 
duration from the Oxford dataset, and Fig. 4.16 from the NASA dataset, the overall 
trend of time duration tends to decrease with increasing cycle count, which 
corresponds to the decline in the battery's SOH. 

4.4.3 Incremental Capacity Analysis  

ICA is an in-depth analytical technique used to investigate the behavior 
and diagnose the health of batteries during charging or discharging processes. It relies 
on calculating the derivative of electrical capacity (Q) with respect to voltage (V), 
known as shown in the equation (4.1) 

𝑑𝑄

𝑑𝑉
 (4.1) 

The hallmark of the ICA technique is its ability to transform the 
relatively flat voltage plateaus, which normally occur in a voltage-capacity (V-Q) graph, 
into distinct peaks or valleys on the 𝑑𝑄 𝑑𝑉⁄  plot. These peaks correspond directly to 
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the phase transitions of the active materials within the electrodes. The characteristics 
of these peaks, such as their height, area, width, and voltage position, are highly 
sensitive to the electrochemical changes within the battery cell. As the battery 
degrades, major degradation mechanisms such as Loss of Lithium Inventory (LLI), Loss 
of Active Material (LAM), and Increased Internal Resistance will cause these peak 
characteristics to change for example, the peaks may shift, shrink (in height or area), or 
broaden. Consequently, tracking the changes in key features on the 𝑑𝑄 𝑑𝑉⁄  curve such 
as the minimum point or peaks can serve as an effective indicator for evaluating the 
degradation of the battery's ability to store or deliver charge. This reflects internal 
structural changes, such as the loss of active material surface area or the 
aforementioned lithium loss. For this reason, ICA has been widely adopted in battery 
aging studies and is considered an effective indicator for evaluating the battery’s SOH. 

To improve the accuracy of the analysis, the raw 𝑑𝑄 𝑑𝑉⁄  data must first 
undergo a noise filtering process. In this study, a Moving Average technique was applied 
to smooth the 𝑑𝑄 𝑑𝑉⁄ curves. For the Oxford dataset, a window size of 400 was used, 
while for the NASA dataset, which has different characteristics, a smaller window size 
of 25 was chosen. These values were selected to match the characteristics and 
resolution of each dataset, enabling clearer and more reliable identification of battery 
degradation trends throughout its life cycle. Examples of the calculation results for 
Cell 1 of the Oxford dataset are shown in Fig. 4.17, and for B0005 of the NASA dataset 
are shown in Fig. 4.18. The ICA profiles for the remaining batteries from the Oxford and 
NASA datasets are provided in Appendix C and Appendix D, respectively. 
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Figure 4.17 ICA curves for Oxford Cell 1 

 

Figure 4.18 ICA curves for NASA B0005 

As illustrated in the figures, the ICA curves reveal noticeable changes as 
the number of cycles increases. In this study, the minimum ICA value (the value at a 
key 𝑑𝑄 𝑑𝑉⁄  valley) from each cycle is selected as a feature for extraction. This feature 
is chosen because it is directly related to the electrochemical changes within the 
battery cell and can effectively reflect the battery’s degradation condition. 
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All extracted features, including AUC, time-based features, and ICA features, are 
normalized using Min-Max Normalization, scaling the values into a 0 to 1 range. This 
process allows features with different units and scales to be fairly compared and 
processed on the same footing. It also helps the learning algorithm to converge faster 
and prevents the model from being biased toward features with larger numerical 
ranges. As a result, the normalization process enhances the model’s stability and 
prediction accuracy over time. 

 
4.5 Feature Correlation Analysis 

After all relevant features (AUC, time-based features, and ICA) were extracted, 
a correlation analysis was performed to investigate the relationships between these 
features themselves (inter-feature correlation) and, more importantly, their correlation 
with the battery's SOH. For this analysis, a Correlation Matrix was constructed, following 
the same approach mentioned in Chapter 3, to evaluate the linear relationships 
between variables. The results for the Oxford dataset are presented in Fig. 4.19, and 
the results for the NASA dataset are shown in Fig. 4.20. 

 

Figure 4.19 The correlation matrix from the Oxford dataset 
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Figure 4.20 The correlation matrix from the NASA dataset 

An examination of both correlation matrices reveals that all extracted features 
show a very high degree of correlation with the battery's SOH. The features 𝐴𝑈𝐶𝑣, 
𝐴𝑈𝐶𝑖, and Time all exhibit an extremely strong positive correlation. In the Oxford 
dataset (Fig. 4.19), their coefficients are 0.9687, 0.9694, and 0.9197, respectively. The 
NASA dataset (Fig. 4.20) shows clearly consistent results, with values of 0.9439, 0.9254, 
and 0.9623, respectively. This strong positive correlation confirms that as the battery 
degrades (SOH decreases), the values of these features (such as the AUC or the time 
duration) also decrease, which aligns with the expected physical behavior of a 
degrading battery. 

Meanwhile, the ICA feature, which was extracted from the minimum value of 
the 𝑑𝑄 𝑑𝑉⁄  curve, shows a very strong negative correlation (a coefficient close to -1) 
with SOH, posting a value of -0.9421 in the Oxford dataset and -0.9201 in the NASA 
dataset. This strong negative coefficient is highly significant; it does not imply it is a 
poor feature but rather indicates a clear inverse relationship. In other words, as the 
battery's SOH decreases (the battery degrades), the extracted ICA feature value (the 
value at the minimum point/valley) tends to increase. The fact that the coefficient is 
nearly -1 confirms that the change in this 𝑑𝑄 𝑑𝑉⁄  valley is also a highly reliable 
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indicator of degradation. In summary, this analysis confirms that all selected features 
(𝐴𝑈𝐶𝑣 , 𝐴𝑈𝐶𝑖 , ICA, and Time) are excellent predictors of SOH, supporting their 
suitability for use in the subsequent modeling phase. 
 

4.6 Hyperparameter Settings 
The performance and accuracy of Deep Learning models depend heavily on 

proper hyperparameter settings. In this study, to ensure a fair and standardized 
comparison between models, and specifically to clearly evaluate the effectiveness of 
the Resampling technique without the influence of differing model settings, most basic 
parameters were kept identical for the LSTM, Bi-LSTM, and GRU models. 

Key training parameters, including the number of hidden units, maximum 
epochs, mini-batch size, as well as the learning rate schedule and optimizer details, 
are summarized in Table 4.2. 

However, the Attention-LSTM model required slightly different settings. The 
number of Hidden Units was set to 256, with an additional Attention Dimension 
(attnDim) of 64. This adjustment was necessary to satisfy the structural constraints of 
the Multi-Head Attention mechanism, which require the input dimension (Hidden Units) 
to be exactly divisible by the number of attention heads. Using 200 units, as in the 
other models, caused calculation errors due to this mismatch. In contrast, 256 (a power 
of two) ensures full compatibility and efficient operation within the attention layer’s 
architecture.
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Table 4.2 Hyperparameter Settings for Training 
Parameter Value 

Number of Hidden Units 200 
Fully Connected Layer 500 
Max Epochs 100 
Mini-Batch Size 1024 
Initial Learn Rate 0.01 
Learn Rate Drop Factor 0.5 
Learn Rate Drop Period 40 epochs 
Optimizer Adam 

 
The parameters listed in Table 4.2 were selected to balance accuracy with 

computational efficiency. Certain key values were adopted from the optimization 
methodology in (Jafari & Byun, 2025) as a robust baseline, while others were empirically 
fined-tuned. A more in-depth analysis regarding hyperparameter tuning and its impact 
on model performance will be presented and discussed in the following section. 
 

4.7 Experimental Results and Discussion 
This section presents the experimental results, organized into two main parts. 

First, the Hyperparameter Tuning Analysis details the process of identifying optimal 
model settings. Second, the Comparative SOH Estimation Results evaluates and 
compares the accuracy of the proposed models using these finalized parameters. 

4.7.1 Hyperparameter Tuning Analysis 

In this study, we performed hyperparameter tuning primarily on the 
Oxford dataset (specifically the version resampled at 100 cycles). Our goal was to find 
the settings that allow the model to learn degradation patterns most effectively. 

Once the best parameters were identified, we applied these exact same 
settings to the NASA dataset (resampled at 20 cycles) without any further adjustments. 
We did this to test the model's robustness and ability to generalize. This approach 
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proves that the proposed model architecture works well even on datasets with 
different characteristics. 

To determine the optimal network architecture, we used a Grid Search 
strategy. We simultaneously varied two key parameters: the number of hidden units 
(numHiddenUnits) and the size of the fully connected layer (hiddenLayerSize), using 
the RMSE as our main guide. The numerical results are listed in Table 4.2, and the 
trends are visualized in the bar chart in Fig. 4.21. 

Table 4.2 RMSE results from the Grid Search analysis on the Oxford dataset 
Hidden Layer Size 

(Nodes) 
Num of Hidden Units 

100 200 300 
200 0.4224 0.3357 0.4736 
300 0.3975 0.3215 0.4127 
400 0.358 0.3286 0.3436 
500 0.3353 0.3045 0.3239 
600 0.3887 0.4376 0.3684 
700 0.3872 0.3378 0.4783 

 

 

Figure 4.21 Comparison of RMSE values across different model architecture 

configurations 
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Impact of Hidden Layer Size: As clearly shown by the orange bars 

(where numHiddenUnits is fixed at 200), the RMSE tends to decrease as the 

hiddenLayerSize increases from 200 up to 500. The error drops from 0.3357 down to 

0.3045 at size 500, which is the lowest point (minimum error) in this experiment. 

However, when we increased the size further to 600, the RMSE spiked significantly to 

0.4376. This suggests the model became too complex (over-parameterized), leading to 

overfitting, where it started memorizing noise instead of learning the actual patterns. 

Impact of Hidden Units: Similarly, if we compare the height of the bars 

at a hiddenLayerSize of 500, we see that using 100 units (blue bar) or 300 units (green 

bar) results in higher errors compared to 200 units (orange bar). Their values are 0.3353 

and 0.3239, respectively. This indicates that 200 units offer the best balance between 

learning capability and model complexity. 

Based on this grid search analysis, we confirmed that the combination 

of (numHiddenUnits = 200, hiddenLayerSize = 500) is the optimal choice for this 

dataset. Therefore, this setting was selected as the standard for the comparative 

experiments in the next section. 

4.7.2 Comparative SOH Estimation Results 

The performance evaluation of the four deep learning models LSTM, 
Bi-LSTM, GRU, AM-LSTM and the statistical model (GPR) begins with an analysis of the 
Oxford dataset, which is characterized by its high-resolution data. The quantitative 
results presented in Table 4.3 and Table 4.4 highlight significant differences in both 
estimation accuracy and computational time between using raw data and applying the 
proposed resampling technique. 

When considering the baseline case Non-resampling, most models 
struggled to predict SOH accurately. This is illustrated in Fig. 4.21 Baseline Comparison, 
which compares the prediction results of all models against the actual values using 
raw data. The prediction curves for the standard models, particularly LSTM and GRU, 
exhibited considerable fluctuations throughout the battery's life cycle. This visual 
observation aligns with the high RMSE values of 0.922 and 1.548, respectively. The 
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volatility seen in Fig. 4.22 reflects the presence of significant noise in the raw data, 
preventing the models from effectively capturing the global degradation trend, 
resulting in jagged curves that fail to track the actual SOH closely. 

 

Figure 4.22 Baseline comparison of SOH estimation results using raw data  

(Non-resampling) for all models on the Oxford dataset 

However, when the data underwent resampling at the optimal interval 
of 100 seconds, the results improved significantly, as shown in Fig. 4.23 Proposed 
Method Comparison. The prediction curves for all models became much smoother 
and less volatile. Comparing the models, the proposed AM-LSTM (purple line) 
demonstrated the best ability to track the actual value curve (black line), especially 
during the final stages of the battery life where degradation is most severe. This is 
supported by the data in Table 4.3, where AM-LSTM achieved the lowest RMSE of 
0.292, compared to LSTM (0.305) and Bi-LSTM (0.311). 

It is also important to address the specific status of the GPR model in 
Table 4.3. Readers will notice that the entry for GPR under the raw data ('None') 
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category is marked with a hyphen (-). This symbol indicates that the model could not 
be successfully executed in this scenario due to its inherent computational limitations; 
GPR faces significant challenges with large-scale datasets as its computational 
complexity increases drastically with the number of data points. Consequently, it was 
unable to process the massive volume of the raw Oxford data directly. However, once 
the data was reduced via the resampling technique at the 100-second interval, the 
GPR model became operational. As shown in Fig. 4.23, although its resulting RMSE of 
1.541 was higher than that of the deep learning models, the GPR model offers a distinct 
advantage by providing a 95% confidence interval. This feature offers valuable insight 
into the uncertainty of the predictions, even if the model lacks the capacity to capture 
the complex, non-linear relationships of the battery data as effectively as the neural 
networks. 

 

Figure 4.23 Comparison of SOH estimation results using the Best Resampling at 100s 

 For all models on the Oxford dataset. 
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To confirm the necessity and effectiveness of the proposed approach, 
the specific impact of the resampling technique on the AM-LSTM model is analyzed in 
Fig. 4.24 Impact of Resampling Analysis. This graph clearly contrasts the prediction 
using raw data (yellow line) versus the prediction using data resampled at 100 seconds 
(blue line). As seen in the figure, the yellow line is widely scattered with high error, 
whereas the blue line is tight, concise, and converges accurately to the actual SOH 
values. This visual evidence confirms that selecting an appropriate resampling interval 
effectively removes redundant noisy data, allowing the model to learn the underlying 
degradation structure more clearly. 

 

Figure 4.24 Analysis of the impact of resampling on the AM-LSTM model (Oxford  

dataset) comparing Non-resampling vs. the optimal interval (100s). 

However, a key observation from the experiments is that a trade-off 
exists: expanding the resampling interval too much can negatively affect accuracy. As 
indicated in Table 4.3, when the resampling interval extends beyond the optimal point 
(e.g., beyond 120 seconds), the RMSE of the model starts to rise again. This 
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phenomenon is caused by excessive information loss; subtle degradation patterns are 
removed along with the noise. Consequently, the prediction curve becomes too coarse 
and fails to capture the detailed behavior of the battery. Therefore, the 100-second 
mark represents the "sweet spot" for this study, balancing maximum noise reduction 
with the preservation of essential data required for model learning. Fig. 4.25 illustrates 
the RMSE comparison of all models for the Oxford dataset. 

Beyond improvements in accuracy, computational efficiency is another 
major achievement of this study. Data from Table 4.4 reveals that training the models 
with raw data requires a substantial amount of time. For instance, the AM-LSTM model 

took approximately 1.59 × 10⁴ seconds (about 4.4 hours). However, by applying 
resampling at 100 seconds, the processing time dropped significantly to just 169.1 
seconds (under 3 minutes). This dramatic reduction in training time is not merely due 
to data reduction, but because the model can learn faster when the input is compact 
and noise-free. This allows the optimization process to converge more easily, making 
the proposed method highly suitable for real-world applications where both accuracy 
and speed are critical. 

 
Figure 4.25 RMSE comparison of all models on the Oxford dataset 
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Table 4.3 Comparison of SOH Estimation Results on Oxford Dataset 

Dataset Resampling 
Interval 

LSTM Bi-LSTM GRU AM-LSTM GPR 

RMSE MSE MAE MAPE RMSE MSE MAE MAPE RMSE MSE MAE MAPE RMSE MSE MAE MAPE RMSE MSE MAE MAPE 

Oxford 

None 0.922 0.850 0.722 0.810 0.631 0.398 0.523 0.596 1.548 2.397 1.331 1.564 0.705 0.497 0.585 0.669 - - - - 

20 s 0.760 0.577 0.609 0.684 0.816 0.666 0.667 0.747 0.676 0.456 0.400 0.445 0.781 0.610 0.592 0.658 - - - - 

40 s 0.483 0.233 0.364 0.420 0.558 0.312 0.427 0.478 0.457 0.209 0.362 0.433 0.545 0.297 0.452 0.534 - - - - 

60 s 0.406 0.165 0.332 0.385 0.456 0.208 0.382 0.450 0.413 0.170 0.328 0.373 0.362 0.131 0.286 0.339 1.809 3.272 0.869 0.972 

80 s 0.388 0.150 0.340 0.299 0.387 0.150 0.311 0.367 0.407 0.166 0.317 0.363 0.327 0.107 0.256 0.294 1.602 2.566 0.867 0.986 

100 s 0.305 0.093 0.242 0.279 0.311 0.097 0.249 0.290 0.364 0.132 0.294 0.336 0.292 0.085 0.232 0.271 1.541 2.375 0.828 0.929 

120 s 0.324 0.105 0.257 0.296 0.332 0.110 0.254 0.289 0.377 0.142 0.308 0.350 0.311 0.097 0.239 0.271 1.581 2.500 0.907 1.029 

140 s 0.383 0.147 0.314 0.360 0.333 0.111 0.263 0.299 0.396 0.157 0.325 0.369 0.340 0.115 0.270 0.305 1.500 2.250 0.892 1.019 

160 s 0.401 0.161 0.325 0.368 0.334 0.112 0.258 0.292 0.432 0.186 0.349 0.396 0.357 0.128 0.278 0.313 1.583 2.505 1.048 1.203 

180 s 0.470 0.221 0.389 0.440 0.347 0.120 0.272 0.308 0.481 0.232 0.394 0.447 0.349 0.122 0.278 0.316 1.286 1.654 0.817 0.929 

200 s 0.527 0.278 0.446 0.503 0.359 0.129 0.287 0.326 0.520 0.270 0.448 0.508 0.363 0.132 0.279 0.313 1.554 2.416 0.950 1.083 

300 s 0.783 0.613 0.694 0.795 0.621 0.385 0.527 0.591 0.747 0.557 0.669 0.760 0.621 0.385 0.527 0.593 1.706 2.909 0.985 1.124 

400 s 1.149 1.321 1.006 1.156 0.892 0.795 0.790 0.893 1.145 1.311 0.999 1.152 0.968 0.937 0.849 0.971 1.835 3.366 1.040 1.200 
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Table 4.4 Execution Time of Each Model for SOH Estimation on Oxford Dataset 

Dataset Resampling 

Interval 

LSTM Bi-LSTM GRU AM-LSTM GPR 

(s) (s) (s) (s) (s) 

Oxford 

None 14,056 17,071 13,403 15,891 - 

20 s 447.4362 556.6291 403.2034 848.2249 - 

40 s 217.598 261.4257 205.7885 382.1823 - 

60 s 160.9488 184.5931 139.2921 264.0181 1187.7686 

80 s 105.9322 139.2008 103.1165 228.6973 282.9889 

100 s 84.0947 115.3445 85.6528 169.1163 148.4209 

120 s 70.8816 97.7156 72.7832 131.5215 100.683 

140 s 58.675 82.5298 59.7725 106.8197 73.4618 

160 s 51.8306 66.6126 51.5024 93.0716 56.3858 

180 s 48.366 64.9802 51.0482 96.7402 48.5944 

200 s 44.8542 57.1521 45.14 84.3684 43.021 

300 s 30.0948 40.1414 30.8055 57.0947 27.4732 

400 s 23.5741 28.96 23.4261 41.0468 26.0582 

 

Following the analysis of the Oxford dataset, this study extended the 
evaluation to the NASA dataset to assess the model's generalization capability and 
robustness under different data conditions. The quantitative results regarding 
estimation errors and computational time are summarized in Table 4.5 and Table 4.6, 
respectively. 
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Upon examining the results, the behavior of the NASA dataset differs 
interestingly from the Oxford one. In the baseline case using raw data (None), most 
models performed reasonably well, as shown in Fig.  4.26  Baseline Comparison. 
Notably, the AM-LSTM model (purple line) achieved the lowest error with an RMSE of 
0.2351, representing the best performance in this experiment. This indicates that the 
Attention-LSTM architecture is highly effective at handling the raw NASA data directly 
without requiring complex preprocessing. 

 

Figure 4.26 Baseline comparison of SOH estimation results using raw data (Non- 

resampling) for all models on the NASA dataset 

However, a key insight emerges when applying the resampling 
technique at a 20-second interval (the optimal setting for this dataset). The results 
demonstrate the robustness of the model. Although the RMSE of the AM-LSTM 
increased slightly to 0.311, it remained highly accurate compared to other baseline 
models. This is visible in Fig. 4.27  Robustness Check, where the prediction curve 
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continues to track the actual degradation trend satisfactorily. This proves the model is 
flexible enough to handle data reduction without a critical loss of performance. 

 

Figure 4.27 Comparison of SOH estimation results using the Best Resampling at 20s  

for all models on the NASA dataset 

To further illustrate this robustness and the choice of the optimal 
interval, Fig. 4.28  Impact of Resampling Analysis compares the AM-LSTM model using 
raw data (yellow line) versus the 20-second resampling (blue line). It can be observed 
that the two lines almost overlap and follow the same trajectory smoothly, confirming 
that the 20-second interval is a "Safe Zone" for data reduction. Conversely, if the 
resampling interval is extended too far (e.g., 40 or 60 seconds), the error spikes rapidly 
RMSE exceeding 1.45, as seen in Table 4.5 due to the loss of fine-grained details which 
are much smaller in the NASA dataset compared to Oxford. 
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Figure 4.28 Analysis of the impact of resampling on the AM-LSTM model (NASA  

dataset) comparing Non-resampling vs. 20s interval 

Regarding the GPR model, the same limitation persists: it could not 
process the large raw dataset (indicated by the hyphen symbol '-' in the table). 
However, it became operational once the data size was reduced. While its accuracy is 
not as high as the deep learning models, it remains useful for providing confidence 
intervals. 

The deciding factor for using resampling with the NASA dataset is 
computational efficiency. Data from Table 4.6 clearly shows that training the AM-LSTM 
model with raw data took approximately 2,759 seconds. However, using resampling at 
20 seconds reduced this time to just 121.8 seconds, a decrease of over 95%. Therefore, 
although resampling involves a slight trade-off in accuracy compared to raw data, the 
massive gain in processing speed makes it a worthwhile option for real-world 
applications with limited computational resources. 
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Comparing the SOH prediction results between the two datasets reveals 
a distinct relationship between the physical characteristics of the data and the optimal 
data processing strategy. For the Oxford, the degradation pattern exhibits a relatively 
smooth, monotonic decay but is superimposed with high-frequency noise throughout 
its lifecycle. This characteristic explains why the 100-second resampling interval 
yielded the best results; in this context, resampling acts effectively as a denoising filter. 
By averaging out the fluctuations, the model can more clearly discern the underlying 
global degradation trend, leading to improved accuracy. 

In contrast, the NASA dataset displays a fundamentally different 
behavior. The SOH curve does not follow a simple linear decline but is marked by 
significant Capacity Regeneration Phenomena or capacity recovery. These are observed 
as sudden upward spikes in SOH during certain cycles, typically caused by the battery's 
relaxation effect during rest periods, allowing active ions to redistribute. 

This unique characteristic of the NASA dataset is the key reason why 
using raw data (None) or a very short resampling interval (20s) resulted in the highest 
accuracy. These upward "bounces" are not noise, but significant features reflecting the 
battery's actual health status. If a wider resampling interval were applied here, the 
data reduction process would smooth out these critical peaks, causing the model to 
lose vital information required to predict the regeneration phases accurately. 

However, the ultimate validation of the proposed AM-LSTM model lies 
in its adaptability. The experimental results demonstrate that the model is robust 
enough to handle these opposing data extremes. It successfully generated a smooth, 
trend-following curve for the noisy Oxford data, while simultaneously being responsive 
enough to track the sharp fluctuations and regeneration peaks of the NASA data 
without significant delay. This confirms that the proposed architecture coupled with 
the attention mechanism is capable of capturing complex degradation patterns 
regardless of the specific data characteristics. Fig.  4.29  presents the RMSE comparison 
of all models for the NASA dataset. 
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Figure 4.29 RMSE comparison of all models on the NASA dataset 
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Table 4.5 Comparison of SOH Estimation Results on NASA Dataset 

Dataset Resampling 
Interval 

LSTM Bi-LSTM GRU AM-LSTM GPR 

RMSE MSE MAE MAPE RMSE MSE MAE MAPE RMSE MSE MAE MAPE RMSE MSE MAE MAPE RMSE MSE MAE MAPE 

NASA 

None 0.257 0.066 0.201 0.242 0.272 0.074 0.228 0.271 0.360 0.130 0.317 0.377 0.235 0.055 0.187 0.229 - - - - 

10 s 0.749 0.562 0.636 0.737 0.585 0.342 0.498 0.617 0.715 0.512 0.648 0.795 0.402 0.161 0.336 0.407 0.295 0.087 0.240 0.298 

15 s 0.510 0.260 0.437 0.525 0.534 0.286 0.420 0.485 0.514 0.264 0.415 0.485 0.427 0.182 0.344 0.413 0.294 0.086 0.244 0.301 

20 s 0.317 0.100 0.252 0.306 0.327 0.107 0.273 0.325 0.342 0.117 0.276 0.336 0.311 0.097 0.247 0.290 0.287 0.082 0.237 0.293 

25 s 0.394 0.156 0.313 0.380 0.392 0.153 0.310 0.369 0.535 0.286 0.451 0.554 0.339 0.115 0.269 0.325 0.276 0.076 0.223 0.278 

30 s 0.442 0.195 0.350 0.424 0.817 0.667 0.643 0.807 1.627 2.645 1.568 1.905 0.732 0.535 0.582 0.725 0.288 0.083 0.238 0.294 

40 s 1.942 3.769 1.890 2.277 1.837 3.373 1.748 2.087 3.055 9.329 2.752 3.344 1.450 2.102 1.344 1.601 0.262 0.069 0.212 0.262 

60 s 3.174 10.073 2.762 3.358 2.314 5.356 2.259 2.719 3.251 10.570 2.820 3.437 3.231 10.439 2.813 3.419 0.369 0.137 0.236 0.295 
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Table 4.6 Execution Time of Each Model for SOH Estimation on NASA Dataset 

Dataset Resampling 

Interval 

LSTM Bi-LSTM GRU AM-LSTM GPR 

(s) (s) (s) (s) (s) 

NASA 

None 1,749.56 2,175.9 1,602.4 2,759.3 - 

10 s 134.4283 231.0435 134.9282 254.1212 1,249.0148 

15 s 108.6076 122.1542 91.2231 179.9841 224.0689 

20 s 68.7088 102.988 66.7452 119.223 98.7963 

25 s 62.6125 75.981 57.9775 107.0138 47.8137 

30 s 45.5109 58.8247 44.2024 83.9645 33.577 

40 s 34.8527 43.4884 33.3974 62.2606 17.8264 

60 s 28.7726 34.8007 26.8101 44.6983 11.0508 

 

3) Summary 
This chapter presented an analysis of the proposed methodology for SOH 

estimation, focusing on the interaction between dataset characteristics and processing 
strategies. The experimental results highlighted fundamental differences between the 
Oxford and NASA datasets: Oxford is characterized by high-density data with significant 
noise, while NASA exhibits complex electrochemical behaviors, specifically the 
capacity regeneration phenomena. 

Empirical evidence confirmed that the AM-LSTM model achieved superior 
performance compared to baseline models. For the Oxford dataset, the model 
attained its best accuracy with an RMSE of 0.2920 when paired with a resampling 
interval of 100 seconds, which effectively filtered out high-frequency noise. Conversely, 
for the NASA dataset, the model achieved its optimal performance with an RMSE of 
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0.2351 by utilizing raw data or short-interval resampling, thereby preserving the fine-
grained details required to track capacity recovery. 

Beyond accuracy, the most significant advantage of applying the resampling 
technique proved to be computational efficiency. Specifically, for the Oxford dataset, 
the results demonstrated a drastic reduction in model training time by over 98%, 
accompanied by a significant 58.58% reduction in estimation error compared to the 
raw data baseline. In the case of the NASA dataset, although resampling led to a 
32.34% increase in RMSE, this is considered an acceptable trade-off given the massive 
reduction in training time of over 95%. These findings confirm that the proposed 
approach successfully strikes a balance between high accuracy and computational 
feasibility, making it highly suitable for implementation in real-world battery 
management systems with limited resources. 
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CHAPTER V 
CONCLUSION 

 
5.1 Conclusion 

This thesis presents a comprehensive study on SOH estimation for LIBs by 
integrating effective data management strategies with advanced deep learning 
techniques. The experimental results lead to the following conclusions: 

First, the application of the resampling technique proved effective in reducing 
the size and complexity of battery measurement data. This reduction directly 
correlated with a significant decrease in computational load and model training time 
compared to using raw data. Crucially, this process preserved the essential information 
required for accurate estimation. By selecting a resampling interval aligned with the 
physical characteristics of the specific dataset, the method successfully filtered out 
noise in high-fluctuation scenarios while retaining the fine-grained details of complex 
electrochemical behaviors. 

Second, the evaluation across multiple open-source datasets (Oxford and 
NASA) demonstrated the robustness of the proposed approach under distinct 
operating conditions. The findings indicate that deep learning models, particularly the 
developed architecture, possess the capability to learn and adapt to diverse 
degradation patterns, ranging from monotonic decay to highly fluctuating trends. When 
compared to traditional statistical methods like GPR, deep learning techniques 
exhibited superior accuracy and stability in handling large-scale, complex datasets. 
These outcomes suggest that the proposed approach serves as a viable and efficient 
solution for practical implementation in battery management systems constrained by 
limited computational resources. 
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5.2 Suggestions 
Based on the findings and limitations of this study, several recommendations 

are proposed for future research to further enhance the reliability and applicability of 
SOH estimation models: 

1) Validation with Real-world Driving Profiles: While this study utilized 
standard laboratory datasets, future work should verify the proposed method using 
data collected from real-world electric vehicle operations. Real-world conditions often 
involve highly dynamic current loads, irregular charging habits, and varying ambient 
temperatures, which could test the robustness of the resampling and estimation 
algorithms more rigorously. 

2) Integration of Additional Health Indicators: To improve estimation 
accuracy, particularly for different battery chemistries, future research could 
incorporate additional input features beyond voltage and current. Integrating 
temperature data or integrating mechanical stress sensors (e.g., expansion/strain 
measurements) could provide a more holistic view of the battery's health status. 

3) Spatial Representation in Large-Scale Systems: For practical 
deployment in large-scale energy storage systems, environmental factors such as 
temperature distribution often vary significantly depending on the physical location of 
the battery cells. Relying on training data from a single localized cluster may fail to 
capture these environmental heterogeneities. Therefore, future implementations 
should adopt a spatially stratified sampling strategy, selecting representative cells from 
diverse physical locations across the entire battery pack to ensure the model 
generalizes well to all environmental conditions within the system. 

4) Model Retraining and Lifecycle Adaptability: Since battery degradation 
is a non-linear and time-varying process, a static model trained solely on historical data 
may eventually experience performance degradation due to concept drift where the 
underlying data distribution shifts as the battery ages. To maintain estimation accuracy 
throughout the entire lifespan, it is recommended to implement a periodic retraining 
strategy. Future implementations should consider triggering model updates based on 
usage intensity or performance degradation metrics for instance, recalibrating the 
model every 50–100 cycles or whenever the prediction error exceeds a user-defined 
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threshold (e.g., RMSE > 3%). Establishing these optimal triggers is a critical area for 
further investigation. 

Therefore, while this research confirms the technical efficacy of the proposed 
framework, its transition to practical application requires addressing the dual 
challenges of interpretability and adaptability. As deep learning models inherently lack 
transparency, ensuring explainable outcomes is crucial for meeting rigorous safety 
standards. Simultaneously, the rapid evolution of energy storage demands a system 
capable of adapting to emerging battery chemistries and novel degradation 
mechanisms. Addressing these factors is essential to guarantee that the estimation 
framework remains both robust and relevant in a continuously advancing technological 
landscape. 
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APPENDIX A 
AUC Feature Extraction for Oxford Battery Data 

 

Figure A.1 Voltage profiles Cell 2 of Oxford are used to charge all the cycles. 

 

Figure A.2 Voltage profiles Cell 3 of Oxford are used to charge all the cycles.
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Figure A.3 Voltage profiles Cell 4 of Oxford are used to charge all the cycles. 

 

Figure A.4 Voltage profiles Cell 5 of Oxford are used to charge all the cycles. 
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Figure A.5 Voltage profiles Cell 6 of Oxford are used to charge all the cycles. 

 

Figure A.6 Voltage profiles Cell 7 of Oxford are used to charge all the cycles. 
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Figure A.7 Voltage profiles Cell 8 of Oxford are used to charge all the cycles. 

 

Figure A.8 Voltage profiles Cell 2 of Oxford are used to discharge all the cycles. 
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Figure A.9 Voltage profiles Cell 3 of Oxford are used to discharge all the cycles. 

 

Figure A.10 Voltage profiles Cell 4 of Oxford are used to discharge all the cycles. 
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Figure A.11 Voltage profiles Cell 5 of Oxford are used to discharge all the cycles. 

 

Figure A.12 Voltage profiles Cell 6 of Oxford are used to discharge all the cycles. 
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Figure A.13 Voltage profiles Cell 7 of Oxford are used to discharge all the cycles. 

 

Figure A.14 Voltage profiles Cell 8 of Oxford are used to discharge all the cycles. 
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Figure A.15 Current profiles Cell 2 of Oxford are used to charge all the cycles. 

 

Figure A.16 Current profiles Cell 3 of Oxford are used to charge all the cycles. 
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Figure A.17 Current profiles Cell 4 of Oxford are used to charge all the cycles. 

 

Figure A.18 Current profiles Cell 5 of Oxford are used to charge all the cycles. 
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Figure A.19 Current profiles Cell 6 of Oxford are used to charge all the cycles. 

 

Figure A.20 Current profiles Cell 7 of Oxford are used to charge all the cycles. 
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Figure A.21 Current profiles Cell 8 of Oxford are used to charge all the cycles. 

 

Figure A.22 Current profiles Cell 2 of Oxford are used to discharge all the cycles. 
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Figure A.23 Current profiles Cell 3 of Oxford are used to charge all the cycles. 

 

Figure A.24 Current profiles Cell 4 of Oxford are used to discharge all the cycles. 
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Figure A.25 Current profiles Cell 5 of Oxford are used to charge all the cycles. 

 

Figure A.26 Current profiles Cell 6 of Oxford are used to discharge all the cycles. 
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Figure A.27 Current profiles Cell 7 of Oxford are used to charge all the cycles. 

 

Figure A.28 Current profiles Cell 8 of Oxford are used to discharge all the cycles. 
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APPENDIX B 
AUC Feature Extraction for NASA Battery Data optimization 

 
Figure B.1 Voltage profiles B0006 of NASA are used to charge all the cycles. 

 

Figure B.2 Voltage profiles B0007 of NASA are used to charge all the cycles.
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Figure B.3 Voltage profiles B0018 of NASA are used to charge all the cycles. 

 

Figure B.4 Voltage profiles B0006 of NASA are used to discharge all the cycles. 
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Figure B.5 Voltage profiles B0007 of NASA are used to discharge all the cycles. 

 

Figure B.6 Voltage profiles B0018 of NASA are used to discharge all the cycles. 
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Figure B.7 Current profiles B0006 of NASA are used to charge all the cycles. 

 

Figure B.8 Current profiles B0007 of NASA are used to charge all the cycles. 
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Figure B.9 Current profiles B0018 of NASA are used to charge all the cycles. 

 

Figure B.10 Current profiles B0006 of NASA are used to discharge all the cycles. 
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Figure B.11 Current profiles B007 of NASA are used to discharge all the cycles. 

 

Figure B.12 Current profiles B0018 of NASA are used to discharge all the cycles. 



122 

APPENDIX C 
ICA Feature Extraction for Oxford Battery Data 

 
Figure C.1 ICA curves for Oxford Cell 2. 

 

Figure C.2 ICA curves for Oxford Cell 3.
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Figure C.3 ICA curves for Oxford Cell 4. 

 

Figure C.4 ICA curves for Oxford Cell 5. 
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Figure C.5 ICA curves for Oxford Cell 6. 

 

Figure C.6 ICA curves for Oxford Cell 7. 
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Figure C.7 ICA curves for Oxford Cell 8. 
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APPENDIX D 
ICA Feature Extraction for NASA Battery Data 

 
Figure D.1 ICA curves for NASA B0006. 

 

Figure D.2 ICA curves for NASA B0007.
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Figure D.5 ICA curves for NASA B0018. 
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