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ABSTRACT: 

As the number of EVs and renewable energy storage systems grows, the need for dependable battery 

management systems (BMS) becomes more critical. Accurately predicting the State of Health (SOH) and 

Remaining Useful Life (RUL) of Lithium-Ion (Li-ion) batteries is crucial to ensure operational safety, prevent 

catastrophic failures, and optimize maintenance schedules. The conventional degradation assessment 

approaches are, however, very complex and highly non-linear, which complicates the assessment of 

degradation using conventional approaches. Thie research question that requires investigation: What is the 

best machine learning or deep learning architecture to be used to extract these non-linear patterns and to be 

able to make accurate, scalable, and interpretable battery health predictions? 

 

In response to this, recent studies have focused on data-driven approaches based on sophisticated 

computational models that can map battery degradation, avoiding the need to solve complex electrochemical 

equations. Classical tree-based ensemble models like Random Forest (RF) or Extreme Gradient Boosting 

(XGBoost) are widely used for their high performance and relatively low computational requirements, whereas 

sequential deep learning models like Long Short-Term Memory (LSTM) networks have theoretically better 

potential to capture temporal dynamics among continuous time-series data. The use of explainable artificial 

intelligence (XAI) systems like Shapley Additive explanations (SHAP) provides a valuable  

 

This study compares and tests the performance of these two different architectural archetypes, based on a 

thorough toolkit of data-driven metrics developed from open, publicly available data sets from NASA and 

Stanford. Work on feature engineering involved extracting multi-cycle dynamic characteristics, and the models 

were rigorously evaluated on Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE). The 

comparative analysis shows that the sequential models based on LSTM work well for extracting long-term 

temporal dynamics between continuous-time signals, but XGBoost is able to achieve a high level of accuracy 

with much less computational load. 

 

Keywords: Lithium-Ion Battery, State of Health (SOH), Remaining Useful Life (RUL), Supervised 

Machine Learning, XGBoost, LSTM, Explainable AI (SHAP). 
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Chapter 1: Introduction 

 

This chapter is intended to establish the groundwork for the thesis work, laying out the 

context and importance of using data-driven methods to assess battery degradation patterns. 

The main objective of this chapter is to provide a description of the scope, motivation, and 

boundaries of the research on lithium-ion cell aging. The chapter is divided into several 

important subsections to help the evaluator navigate through this structural arrangement: 

The Background of the Study presents the current significance of lithium-ion technology and 

the reasons why the traditional physics-based equations have not been able to adequately 

describe it during dynamic operation. 

 

Research Gap, Question, and Objectives list the technical gaps in current models (weak 

integration of physical knowledge, poor generalizability, etc.) and the specific benchmarks 

that this research aims to meet. 

 

This supervised learning process was defined by technical parameters, which are provided in 

Definitions and Study Parameters, such as the input features, e.g., voltage recovery, as well 

as the target, e.g., State of Health (SOH). 

 

The chapter ends with Structure of the Study and Significance of the Study, which serve as a 

structural pathway for the subsequent chapters and act as a reminder of the importance of 

the results for the application of this study in real - world Battery Management Systems 

(BMS). 

 

1.1 Background  

 

Lithium-ion batteries are integral to contemporary energy systems and underlie technologies 

from electric vehicles and portable consumer electronics to grid-scale energy storage. 
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Lithium-ion batteries are adopted extensively due to their high energy density, efficiency, and 

relatively longer life than other battery chemicals. Nevertheless, even if these advantages 

exist, lithium-ion batteries are inherently subjected to electrochemical degradation over 

time. This degradation is mediated by complex electrochemical processes and mechanical 

properties of the battery materials including electrode wear, electrolyte decomposition, and 

solid-electrolyte interphase growth. Very few models accurately reduce the dynamics of these 

interdependent and highly nonlinear processes to simple additive mixtures through 

conventional approaches. 

 

Conventional physics-based modeling approaches such as equivalent-circuit models and first-

principle electrochemical models seek to formulate the battery behavior through explicitly 

defined equations and parameters. These models typically offer useful theoretical 

knowledge, but fail to deal with practical issues like measurement noise, uncertainty in model 

parameters and changes on operating conditions including temperature, charging rates and 

usage patterns. First principal models are often more accurate in predicting in a linear 

operational environment with idealized laboratory conditions, but their actual predictive 

precision is often less true in non linear operational environments. 

 

These structural constraints have been replaced with data-driven approaches and machine 

learning (ML) in modern prognostic models. ML algorithms outperform physics-based 

models, which depend on explicitly defined mathematical rules for all chemical interactions, 

by being able to map complex and high-dimensional relationships directly from raw 

operational data without relying on pre-defined physical rules (H. Wang et al., 2025). In 

particular, machine learning can surpass traditional approaches in three ways: 

 

Non-Linear Multi-Factor Interactions: Degradation is seldom caused by just one variable, but 

rather is a confluence of temperature, depth of discharge (DoD), and current rates. These 

cross-variable dependencies can be captured simultaneously by an advanced ML 

architecture, such as tree-based ensembles and sequential deep learning networks, 
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uncovering hidden aging signatures that are not easily written into standard thermodynamic 

equations. 

 

Real-world Battery Management Systems (BMS) struggle with sensor noise and signal 

telemetry holes at all times. Supervised ML algorithms use powerful optimization losses and 

statistical regularization methods to successfully extract underlying health trends from noisy 

voltage, current, and temperature measurements. 

 

Dynamic Generalization and Scalability: An ML framework can be retrained or transfer 

learned in a completely different manufacturer's data set, while a physics-based model needs 

to be painstakingly recalibrated for every minor change in battery chemistry or geometry. It 

enables models to be data-driven and adjust dynamically to changing degradation profiles 

throughout the battery's life cycle. 
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Figure 1 Conceptual workflow of a battery state-of-health diagnostic and prognostic system based on 
data-driven approaches, emphasizing the process from the telemetry of signals to explainable machine 
learning (Adapted from Lu et al., 2023). 

 

1.2 Research Question and Objectives 

 

Data-driven frameworks are well-suited for modeling methods that are not as stringent as 

those based on thermodynamics, but there are a number of technical drawbacks that have 

to be addressed in current implementations. The findings of this study will contribute to the 

existing knowledge of the research problem areas, which will form the basis of the research 

questions and research objectives in this study. Current supervised learning approaches for 

battery health diagnostics have the following key drawbacks: 
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Inability to Achieve High-Accuracy, Early-Stage Prognostics: Battery aging is a nonlinear and 

dynamic process, which means that most of the existing supervised learning approaches 

require a lot of historical cycle telemetry to be able to accurately map the entire degradation 

curve.  

 

Predicting the remaining useful life (RUL) of batteries reliably and for long periods of time 

during the early operational cycles of the battery, when training data constitutes a small 

proportion of the total operating life of the battery, is still a great challenge (Safitri et al., 

2025). 

 

Generalizability Across Diverse Cell Chemistries: Lithium-ion batteries can come in a wide 

variety of internal chemistries (LFP, NMC, NCA, etc.) and use (operational environments). 

Current models are based on (single) cell types and single datasets. This makes them sub-

optimal under new chemistries, new cycling protocols, and unpredictable temperature 

changes, and underscores the importance of generating universal feature extractions (Lu et 

al., 2023). 

 

Weak Integration of Electrochemical and Physical Knowledge: Supervised models are purely 

data-driven models that work primarily as a statistical “black box.” They link outside sensor 

signals, such as surface temperature or voltage drops over time, to the internal 

microstructural degradation physics or electrochemical phase changes, but they are not 

directly connected to the degradation physics or electrochemical phase changes of the 

sensor. The lack of agreement makes it challenging for battery engineers to test the model's 

validity based on physical tests. 

 

The goal of this thesis is to tackle the above-mentioned specific challenges, in particular by 

improving the sensitivity of the predictions in the early life stages, by adding feature variability 
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across different datasets, and by applying Explainable AI to help bridge the gap between statistics 

and battery electrochemistry. 

 

Research Questions: 

Can the prediction of the Remaining Useful Life (RUL) and State of Health (SOH) of lithium-

ion cells be achieved with what statistical precision (Root Mean Squared Error (RMSE) and 

Mean Absolute Error (MAE)) tree ensembles and sequential deep learning architectures can 

do? 

 

Optimizing architectural efficiency: What is the best one that is both time and cost-efficient 

during training and able to reduce the fidelity error as much as possible during forecasting 

for non-linear degradation in different temperatures? 

 

Statistical Explainability: How well can SHapley Additive exPlanations (SHAP) explain the 

model outputs, and what are the most important engineered features (e.g., rolling cycle 

resistance vs. time-interval voltage drops) in terms of mathematical importance to final 

estimations? 

 

Research goals: 

Development and benchmarking of supervised machine learning models (e.g. ensemble 

trees, gradient boosting, neural networks) for predicting paths to failure, syndrome state-of- 

health (SOH), remaining useful life (RUL) of lithium-ion cells under realistic cycling and 

temperature conditions. 

 

Design and test strategies for feature engineering (e.g. time-series signatures, recovery 

indices, features directly inspired by physics) that can both improve prediction accuracy and 

include an element of physical interpretability. 

 



16 
 

1.3 Definitions and Study Parameters 

 

Supervised data-driven algorithms are used for predictive modeling of lithium-ion battery 

degradation from labeled historical cycling data that contains complex mathematical 

dependencies. For this purpose, the supervised architecture is fed with pairs of direct inputs 

and outputs, and the structural aging relations are learned without using explicit 

electrochemical equations. The framework has been trained with features derived from raw 

physical signals (e.g., continuous voltage, current, temperature, internal resistance and cycle 

numbers), to accurately predict downstream targets for battery diagnostics. Fitted with these 

multi-cycle deformations, the models can then predict the degradation signatures they have 

not seen before, and thus predict the lifetime of these cells for use under similar conditions. 

The main benefit of this data-driven method is that it allows us to identify highly nonlinear, 

high-dimensional degradation footprints that can be hidden on top of classical first-principle 

or physics-first models. 

 

Operational Parameter Formulations 

To get a clear picture before analysing model workflows, these variables are defined as the 

main results monitored during the course of this study: 

 

State of Health (SOH): % measure of a battery's actual performance compared to its fresh 

out-of-the-box performance. It is normally determined by tracking maximum discharge 

capacity: 

 

Remaining Useful Life (RUL): Number of remaining charge-discharge cycles of the battery 

before it hits the defined End-of-Life (EOL) charge-discharge count. In conventional industrial 

use, the EOL is when the SOH falls to 80% of the original capacity. 
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Core Study Parameters 

The research process pipeline comprises four operational variables: its empirical boundaries, 

data source, data algorithm structure, and output. 

Input Characteristics: Time-series portions of voltage dynamics, current dynamics, surface 

temperature dynamics, C-rates, number of cycles, and rolling changes in internal resistance 

(Navidi et al., 2024). 

 

Output Targets: Specific degradation targets, as related to SOH trends, RUL timelines, and 

non-linear "knee-points" in capacity fade. 

 

Model Types: The supervised models tested were tree-based ensembles (Random Forest and 

Extreme Gradient Boosting [XGBoost]) directly compared to sequences of deep learning 

architectures (Long Short-Term Memory [LSTM] networks). 

 

Data Sources and Validation Metrics: Publicly validated datasets of laboratory testing (e.g., 

NASA, Stanford battery data repositories). 

 

Model precision and generalizability are tested with the use of strict, statistical error 

indicators, namely Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and the 

Coefficient of Determination (R2). (Sadler et al., 2025). 

 

1.4 Structure of the Study 

 

The structure of the thesis takes the form of a systematic and analytical framework for the 

quantitative and data-oriented experimental study. Based on the analysis of numerical time-

series battery telemetry and using statistics-based error metrics to evaluate algorithmic 

accuracy, the thesis is systematically outlined in five chapters, as follows: 

Chapter 1: Introduction lays out the theoretical boundaries of the research problem. It 
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discusses key aspects of the problem background related to the difficulties of utilizing lithium-

ion cells, identifies current gaps in the research, and formulates quantitative research 

questions, key research parameters, and objectives. 

 

Chapter 2: Literature Review provides a systematic literature review of the literature 

available in the field. It brings together knowledge learned in the field of electrochemical 

degradation mechanisms, discusses the shortcomings of classical thermodynamics modelling, 

and introduces advances in supervised machine learning and deep learning. 

 

Chapter 3: Methodology is the empirical research methodology and the replication process. 

Chapter 3 presents an overview of the used datasets in their raw quantitative form, a multi-

step feature generation process, and the hyperparameters of the chosen algorithms XGBoost, 

Random Forest, and LSTM network, along with the integration criteria for Explainable AI 

(SHAP) values. 

 

The major empirical data of the study are summarized in Chapter 4: Results and Discussion. 

It covers a thorough comparative analysis of the performance of the trained machine learning 

algorithms in light of quantitative validation metrics, such as RMSE, MAE, and R^2, while 

employing SHAP plots to analyze the significance of certain features. 

 

Chapter 5 – Conclusion and Future Work Prospects provides information about the 

theoretical and practical implications of the research. It specifically demonstrates the major 

outcome(s) achieved, considers empirical constraints due to the type of data employed, and 

offers future directions for research. 

 

1.5 Significance of the Study 

 

Through the creation of a benchmarking pipeline for comparing tree-based ensembles (such 
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as XGBoost and Random Forest) to neural network models such as LSTM, coupled with the 

adoption of Explainable AI (SHAP), the current study contributes distinctly to several 

industries: 

 

Improved Battery Management Systems (BMS): BMS software developers and embedded 

systems engineers benefit from this research through its provision of a tested design model 

for finding a balance between computational efficiency and accuracy of predictions. The fact 

that tree-based models can offer equal or higher levels of accuracy compared to deep 

learning under certain conditions paves the way for more efficient prognostic solutions. 

 

Risk and Safety Measures for Operational Processes: Real-time monitoring of State of Health 

and Remaining Useful Life is of extreme importance in terms of safety. The models tested in 

this paper offer a method for predicting non-linear capacity decreases (knee-points) for grid-

scale energy storage systems and electric vehicles. Predicting the occurrence of such points 

will make it possible to prevent maintenance work and controlled shutdowns before potential 

safety threats like thermal runaway or unexpected system shutdowns become more severe. 

 

Commercial Aspects and Assets' Life Cycle Management: This research brings high 

importance from the business and commercial point of view for EV manufacturers and BaaS 

providers. Highly accurate analysis of health indicators makes it possible to design efficient 

dynamic warranty policies and forecast financial depreciation of battery assets. Moreover, 

such precise analysis allows designing safe high-capacity fast charging procedures which will 

enhance service life of lithium-ion batteries. Besides, SOH tracing gives a possibility to create 

criteria for second-life application feasibility estimation. 

 

Linking Data Science and Electrochemistry of Batteries: In academic terms, this research paper 

is a response to the long-standing problem of the “black box” nature of purely data-based 

predictive modeling approaches. The incorporation of SHAP feature attribution for ranking the 

engineered time-series features against the physical parameters (like rolling resistance and 
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dynamic voltage drop) gives us the ability to create this link. It enables us to ensure, from an 

interpretative perspective, that the predictions made by the machine learning algorithms are 

based on actual physical degradation signatures. 
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Chapter 2: Literature Review 

 

2.1 Lithium-Ion Batteries and Challenges on their Degradation 

 

Lithium-ion battery degradation is a multi-scale phenomenon where chemical, mechanical 

and electrical changes occur. One of the major sources of capacity decay is the increase in 

the Solid Electrolyte Interphase (SEI) layer. Although active lithium ions are used to reduce 

the electrolyte further, which is prevented by the SEI, their sustained accumulation over time 

depletes active lithium ions, a phenomenon referred to as Loss of Lithium Inventory (LLI) and 

raises the internal resistance of the cell (Safari et al., 2022). 

 

In addition to the growth of SEI, Lithium Plating poses a serious safety and performance 

hazard, especially when charging at fast rates or low temperatures. This is due to the lithium 

ions being deposited as metallic lithium on the anode surface instead of intercalating into the 

graphite. This may give rise to the formation of dendrites, which may short internally (Zhang 

et al., 2024). In addition, the mechanical forces of cycling cause Electrode Cracking and 

particle fracture, causing Loss of Active Material (LAM), thus, depleting the sites of lithium 

storage (Navidi et al., 2024). 

 

2.1.1 Battery Degradation Overview Phenomena 

 

Battery degradation in lithium-ion systems refers to the progressive deterioration of 

electrochemical performance over time, primarily manifested as (Edge et al, 2021). These 

degradation phenomena are due to a combination of physicochemical processes taking place 

inside the cell during storage or use. 

 

A significant phenomenon is capacity fading: the loss of battery charge storage capacity. This 
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is because of the mechanisms (LLI) and (LAM), which decrease the number of charge carriers 

and active reaction sites, respectively (Rodrigues, 2025). 

 

Also, self-discharge can occur because of parasitic side reactions in the cell, which can cause 

energy loss even when the battery is not being used. Thermal instability is also an important 

phenomenon related to degradation, as the temperature of batteries increases with chemical 

reactions, causing further degradation (Rufino et al, 2024). 

 

Operating conditions of battery degradation: 

 

Strongly affected by temperature and state of charge, calendar aging (which is present in all 

batteries regardless of use) plays a significant role. Aged by cycling (repeated charge–

discharge cycles), which is influenced by depth of discharge, current rate and operating 

conditions (Rufino et al, 2024). 

2.1.2 Difficulties with Conventional Battery Health Assessment 

 

Due to the nonlinear and complicated nature of lithium-ion batteries, conventional health 

assessment techniques face some challenges when it comes to estimating the degradation 

state of the batteries accurately. While assessing the battery health through its metrics such 

as State of Health (SOH) and State of Charge (SOC), under operating conditions, becomes 

difficult. (Edge et al. 2021). But noise and sparse data are other problems that arise in 

conventional approaches. In addition, in real-life situations, battery measurements might be 

incomplete, noisy, or performed under a non-uniform operating environment, thereby 

making it hard to carry out a proper battery health assessment. (Rufino et al, 2024). 

Moreover, another challenge that arises from conventional approaches includes 

computational complexity and parameter identification, especially when using physics-based 

models, which require extensive knowledge about the battery chemistry and calibration. 

These factors have limited the applicability of such models to real-time BMS. 
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These limitations prevent accurate and long-term forecasts, especially in dynamic and 

unpredictable environments, with traditional battery health assessment techniques. As a 

result, data-driven and machine learning approaches have been adopted, which are more 

accurate when it comes to forecasting. (Li, D., Nan, J., Burke, A.F., and Zhao, J., 2024). 

 

2.1.3 RUL Prediction in Health Management and Prognosis 

 

Remaining Useful Life (RUL) prediction plays an important role in battery health management 

and prognostics to determine the period or number of cycles that the lithium-ion battery will 

function before reaching its end-of-life stage. Precise RUL prediction will help in improving 

reliability and minimize risks associated with the operation of battery-operated machinery 

such as electric vehicles and energy storage systems (Edge et al, 2021). 

 

One of the most crucial aspects of RUL prediction is the quantification of uncertainties 

because the prediction performance may be influenced by measurement errors, modeling 

constraints, and differences in the degradation process. State-of-the-art prognostics 

approaches have adopted probabilistic techniques to enhance decision-making by 

quantifying confidence intervals (Li, D., Nan, J., Burke, A.F., and Zhao, J., 2024). 

2.1.4 Challenges in degradation Model (Lithium-Ion Batteries): 

 

Lithium-ion battery degradation is a complicated process due to the fact that the processes 

determining the battery aging are numerous, and interacting electrochemical mechanisms 

changing with time. Battery degradation, the behavior of which is not linear as opposed to 

linear systems, is state-dependent, and depends on both internal chemical reactions and 

external operating conditions, which complicates the accurate modelling of this behavior 

(Plett, 2015). 
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A significant issue is that the behavior of degradation is nonlinear. The capacity of a battery is 

not deteriorating in a gradual manner, rather, it tends to have abrupt drops or more rapid 

deterioration based on the history of usage, temperature, and cycling conditions. It is 

challenging and requires the traditional statistical or physics-based models to determine long-

term behavior in an accurate manner (Vetter, et al., 2005). 

 

Operating condition dependency is another major problem. Strong dependence on the 

variables, which affect the degradation, includes charge/discharge current rates, depth of 

discharge  ambient temperature, and rest periods. Even minor differences in these factors 

can give rise to quite different degradation trajectories, restricting the extrapolation of one 

predictive model (Plett, 2015). 

 

Another problem is the inability to directly measure internal states. Major degradation 

processes include solid electrolyte interphase (SEI) growth, lithium plating and electrode 

cracking, which take place within the battery and cannot be directly measured during 

operation. Rather, they have to be estimated based on external cues, such as voltage, current, 

and temperature, which creates uncertainty in the estimation of the model (Vetter, et al., 

2005). 

 

Moreover, degradation modeling is also influenced by the data constraints and noise. Real-

world battery data are frequently subject to missing cycles and inconsistency with sensor 

constraints and experimental error. This causes both physics-based and data-driven models 

to be less effective, especially machine learning models which need large high-quality data to 

be trained (Severson et al, 2019). 

Lastly, coupled aging processes make modeling more difficult. Various degradation processes 

interact, occur concurrently, and it is challenging to separate out individual effects. Due to 

this, modeling methods that are based on the merger of physics-based knowledge and data-

based methods are being increasingly employed to enhance the accuracy of prediction 

(Severson et al, 2019).
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2.2 Predicting Battery Health with Machine Learning 

 

Nevertheless, ML offers a robust framework for generalizing various battery types and 

operational situations, domains where the conventional methods are not adequate. ML 

techniques have been used in a number of recent studies on batteries in EV situations. In this 

section, we discuss the methodologies, benefits, and applications of three supervised 

machine learning models used in this study: XGBoost, Random Forest (RF), and Long Short-

Term Memory (LSTM). Their methodologies, advantages, and challenges are discussed about 

their ability to enhance battery health prediction (Khaleghi, S., Hosen, M.S., Van Mierlo, J. and 

Berecibar, M., 2024). Moreover, using ML approaches minimizes the requirement for 

understanding battery chemistry. Advanced approaches such as deep learning and ensemble 

learning improve prediction accuracy by combining multiple models and leveraging large-

scale datasets (Severson et al, 2019). 

2.2.1 Development of Data-Driven Methods for Battery Health 

 

In today's world, the application of batteries in electric vehicles and electrochemical energy 

storage systems has become increasingly common. However, the problem with the 

performance degradation of lithium-ion batteries and their safety persists. Due to the high 

frequency of battery fire incidents, it is imperative to estimate the state of health of batteries. 

In today's world, there are various methods to estimate the state of health of batteries. With 

the rapid advancements made by AI technology and the large amount of battery data 

available, data-driven (Ungurean et al, 2017) approaches to estimate the state of health of 

batteries have gained popularity. The key aspect of such approaches includes identifying 

health features that have high correlation with the aging of batteries and then applying 

suitable machine learning models to train these health features to estimate the state of 

health of batteries. The charging voltage curve of the battery contains many useful pieces of 

information related to the aging process of batteries. For example, (Hu, X., Jiang, J., Cao, D. 
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and Egardt, B., 2015) selected the sample entropy of the discharge voltage as the health 

factor, (Huang, Y., Qin, L. and Wu, G., 2021) selected the equal voltage rise interval as the 

health factor, and chose the equal voltage drop time as the health factor. 

 

2.2.2 Traditional Supervised Machine Learning Models (XGBoost, Random Forest) Extreme 

Gradient Boosting (XGBoost) 

 

Decision trees and gradient boosting are used by XGBoost, an extreme gradient-boosting 

open-source method, to produce trustworthy prediction models. To enhance performance 

and prevent overfitting, additional randomization variables, tree penalization, proportionate 

leaf node shrinkage, and Newton boosting are employed. 

While Newton boosting lowers the classifier's correlation to enhance performance, penalizing 

trees avoids overfitting. Decision trees, which provide distinctive explanations for a variety of 

scenarios, are essential to XGBoost's evaluation. In order to swiftly browse datasets and 

produce precise predictions with less input data, this approach makes use of distributed and 

parallel computation. XGBoost simplifies, expedites, and adapts complex activities. Using 

gradient boosting, XGBoost enhances loss functions to transform weak learners into robust 

forecast models. The model uses random sampling to minimize overfitting and speed up 

training, together with a compact column-based approach for the best mathematical 

computations. The complex formula for XGBoost depends on the regularization coefficient, 

weight, and leaf count. (Ali et al, 2023). 

 

Constraints on Extrapolation: The ensembles of trees fail to effectively extrapolate beyond 

the boundaries of minimum and maximum values that exist in their training sets. In case a 

battery undergoes rapid deterioration, for instance, at the knee point, the algorithms fail to 

predict capacity fade accurately. 

 

Sensitivity to Data Inconsistencies: Despite the ability of an MLP algorithm to model 

nonlinear boundaries, the MLP does not have any inherent structural bias in space and time. 
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For this reason, the MLP needs plenty of varied training data and is vulnerable to falling into 

local minima or overtraining due to the noisy sensor input features, such as temperature and 

resistance. 

 

The objective function used in the XGBoost model is provided by Equation (1), in which the 

first term corresponds to the loss function and the second one corresponds to the 

regularization term (Bentéjac et al, 2021) 

 

Obj=∑𝑖=1(𝑦𝑖,̂ (𝑡)𝑖) +∑𝑖=1𝐾Ω(𝑓𝑖) (1) 

 

where 𝑦𝑖 represents the actual data for the i-th observation, 𝑦̂ (𝑡)𝑖 denotes the predicted 

value, 𝐿 (𝑦𝑖, 𝑦̂ (𝑡)𝑖) represents the loss function corresponding to tree t, N defines the number 

of data points in the training dataset, and K is the total number of individual decision trees in 

the ensemble. The term Ω(𝑓𝑖) corresponds to the regularization term to control the 

complexity of the tree function, which is formulated by the following equation (Bentéjac et 

al, 2021): 

 

Ω(𝑓)=𝛾𝑇+12𝜆∥𝜔∥2 (2) 

 

Where T represents the number of leaves in the tree, 𝜔 presents the weights assigned 

to the leaves, 𝛾 stands for the learning rate or shrinkage used for tree pruning, and 𝜆 is the 

regularization coefficient applied to prevent the model from overfitting. 

 

LightGBM Model 

Lightgbm is an ensemble learning method that falls under the category of gradient boosting 

and it is a creation of microsoft. Lightgbm has the reputation of being very efficient with 

regard to speed, low memory utilization, and accuracy in particular when dealing 

with bigger data sets and accurate machine learning models. LightGBM mathematical 

formulation in relation to the execution of its learners and loss function is defined by 
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equations (3)– (7) (Jiao et al, 2023): 

 

• (𝑥)=∑𝑡=1(𝑥), 𝐻𝑡∈Θ 

• ℎ(𝑥)=argminℎ∈𝐻𝐿 (𝑦, 𝐻𝑡−1(𝑥)+ℎ𝑡(𝑥)) 

• 𝑟𝑡=−∂ (𝑦, 𝐻𝑡−1(𝑥)) ∂𝐻𝑡−1(𝑥) (𝑥)=argminℎ∈𝐻 

• ∑(𝑟𝑡−ℎ𝑡(𝑥))2 (𝑥)=𝐻𝑡−1(𝑥)+ℎ𝑡(𝑥) 

 

 

Where 𝐻𝑡, ℎ𝑡−1(𝑥), and Θ represent the tth learner, weak learner, and the set of all 

learners, respectively. t is the index of the weak learner, T is the total number of weak 

learners, and x defines the input variable, representing the observations for which predictions 

are being made.  

 

The learner 𝐻𝑡−1(𝑥) and loss function (𝐿 (𝑦, 𝐻𝑡−1(𝑥))) are obtained from the previous 

iteration. To accelerate convergence, during the iterative process, the negative gradient of 

the loss function is utilized as a substitute for the actual loss function. 

 

Random Forest Model 

The RF classifier is a type of supervised learning algorithm that generates a large number 

of decision trees throughout the training process and delivers the output in terms of the class 

that ist he mode of the classes in classification or the mean prediction in regression of 

individual decision trees. RF classifiers compensate for the susceptibility of decision trees to 

overfit the training data. The RF classifier is less prone to overfitting due to the mean of 

forecasts made by the individual decision trees and is able to produce more reliable outcomes 

than individual decision trees. The RF mathematical formula is given below Equation (16) 

(Biau & Scornet, 2016). 

 

𝑦̂ =1𝐾∑𝑘=1𝐾𝑦̂ 𝑘                    (16) 
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Where 𝑦̂ represents the aggregated prediction made by a RF and K is the total number 

of decision trees in the forest. For a given input data point x, the RF predicts 𝑦̂ by combining 

the individual predictions 𝑦̂ 𝑘 made by each decision tree. 

 

MLP Model 

MLP is a feed-forward ann made up of several interconnected layers. Every node in the 

network is a processing element that accepts an input, computes a weighted sum of the 

input, applies a nonlinear activation function to it and creates an output. Arranging these 

layers is generally done in a feed-forward fashion such that the results from a 

preceding layer are utilized as the input for a subsequent layer, as depicted by mathematical 

equations. The results from the concealed and final layers are shown in equations (17) and 

(18) (Popescu et al, 2009). 

 

ℎ𝑗=𝑓⎛𝗁⎜⎜∑𝑖=1𝑛𝑤𝑖𝑗𝑥𝑖+𝑏𝑗⎞⎠⎟⎟        (17) 

 

Where x represents the input vector, h is the hidden layer vector, ℎ𝑗 is the output of the j- th 

hidden node, 𝑥𝑖 is the input to the j-th hidden node, 𝑤𝑖𝑗 is the weight of the connection from 

the i-th input node to the j-th hidden node, 𝑏𝑗 is the bias of the j-th hidden node, and f is the 

activation function. 

 

𝑦𝑘=SoftMax⎛𝗁⎜⎜⎜∑𝑗=1𝑚𝑤𝑘𝑗ℎ𝑗+𝑏𝑘⎞⎠⎟⎟⎟    (18) 

 

Where ℎ𝑗 is the output of the j-th hidden node, 𝑤𝑘𝑗 is the weight of the connection from the 

j-th hidden node to the k-th output node, and 𝑏𝑘 is the bias of the k-th output node. 

 

2.2.3 Sequential Battery Data Using Deep Learning Architectures (LSTM) 
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LSTM and Attention-LSTM Models 

LSTM refers to a kind of Recurrent Neural Network (RNN) architecture whose objective is to 

be able to learn long-term dependencies. Different from the traditional RNN architecture. 

The LSTM design includes a memory cell capable of storing data over extended durations. 

The basic components of an LSTM architecture include four gates, namely the input gate,  the 

forget gate,  the output gate,  and the memory cell, whose mathematical forms are presented 

in equations (8) – (12), respectively (Smagulova, K. and James, A.P., 2019). 

 

 

 

𝑖𝑡=(𝑊𝑥𝑖𝑥𝑡+𝑊ℎ𝑖ℎ𝑡−1+𝑏𝑖)

 

𝑓𝑡=(𝑊𝑥𝑓𝑥𝑡+𝑊ℎ𝑓ℎ𝑡−1+𝑏𝑓) 

 

𝑜𝑡=(𝑊𝑥𝑜𝑥𝑡+𝑊ℎ𝑜ℎ𝑡−1+𝑏𝑜) 

 

𝑐𝑡=𝑓𝑡⊙𝑐𝑡−1+𝑖𝑡⊙tanh(𝑊𝑥𝑐𝑥𝑡+𝑊ℎ𝑐ℎ𝑡−1+𝑏𝑐) 

ℎ𝑡=𝑜𝑡⊙tanh(𝑐𝑡) 

 

 

 

(8) 

(9) 

(10) 

(11) 

(12
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Where, t represents the current time step, 𝑥𝑡 denotes the input vector at time t, ℎ𝑡 represents 

the hidden state vector at time t, and 𝑐𝑡 stands for the memory cell vector at time t. The 

weights and biases associated with the input, forget, output gates and memory cell update are 

denoted by 𝑊𝑥𝑖, ℎ𝑖, 𝑏𝑖, 𝑊𝑥𝑓, 𝑊ℎ𝑓, 𝑏𝑓, 𝑊𝑥𝑜, 𝑊ℎ𝑜, 𝑏𝑜, and 𝑊𝑥𝑐, 𝑊ℎ𝑐, 𝑏𝑐, respectively. 

Additionally, 𝜎 represents the sigmoid activation function and tanh denotes the hyperbolic 

tangent activation function. 

 

Table 1 Mathematical Parameter Mappings for the LSTM Cell Architecture. 

Functional Layer 

Component 

 

Input Weight 

Matrix 

Recurrent 

Hidden Weight 

Matrix 

Bias Vector 

Input Gate (it) 

 

Wxi 

 

Whi 

 

bi 

 

Forget Gate (ft) 

 

Wxf 

 

Whf 

 

bf 

 

Output Gate (ot) 

 

Wxo 

 

Who 

 

bo 

 

 

The Attention-LSTM model represents an enhanced iteration of the LSTM neural network, 

incorporating an attention mechanism. This attention capability allows the model to focus on 

specific segments of a sequence, which can prove advantageous for tasks necessitating the 

comprehension of extended dependencies. Within the Attention-LSTM framework, an LSTM 

layer is complemented by an attention layer. The attention layer calculates a weighted 

average of the LSTM layer's hidden states, utilizing a query vector for this computation. 

Subsequently, the output generated by the attention layer is directed to a fully connected 

layer, ultimately forming the model's final output. 

where 𝑒𝑡 represents the attention weight for time step t, v is the query vector, ℎ𝑡 is the 

hidden state vector of the LSTM layer at time t, 𝑊𝑎 is the weight matrix for the attention 

layer, 𝑐𝑡 is the weighted sum of the hidden states, 𝑊𝑜, are the weights and biases for the 
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fully connected layer, and 𝑦𝑡 is the output of the Attention-LSTM at time t. 

2.2.4 Performance Measures and Assessment Standards 

 

1. Mean Absolute Percentage Error (MAPE): Expresses prediction error as a percentage 

of actual values, facilitating comparisons across batteries with different capacities. 

MAPE is particularly useful for bench-marking models across diverse datasets. 

 

2. Prediction Interval Coverage Probability (PICP): For probabilistic models, PICP 

determines the frequency that the real values lie inside the confidence interval of the 

predicted values, which is helpful for uncertainty quantification (Ma et al, 2022). 

Assessment Standards 

 

• Operational Scenarios: Models are tested for different operational scenarios 

(temperature, load, and charging profile) to ensure reliability. 

• Explain ability Checks: Feature importance or SHAP analysis checks help in making sure 

that models make physically sensible decisions (Hu et al., 2015). 

 

Open Battery Datasets (NASA, Stanford, Kaggle) Review 

The quality of machine learning models in forecasting the condition of Lithium-ion batteries 

is determined by the quality and organization of the datasets. The open datasets of batteries 

can be utilized for the training, testing, and benchmarking of models, particularly RUL 

prediction (Attia et al., 2020). Some of the most famous datasets that have been used in 

studying batteries are those provided by NASA, Stanford University, and Kaggle. 

 

2.2.5 NASA Battery Dataset 

 

The NASA Ames Prognostics Center of Excellence battery dataset still remains a crucial source 
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for benchmarking open-source data-driven prognostic algorithms. Specifically, the NASA 

Ames dataset consists of fully recorded run-to-failure sensor data derived from lithium-ion 

batteries that have been subjected to thorough laboratory aging experiments (Saha & 

Goebel, 2007). The measurements of the dataset include several variables such as terminal 

voltage, current load, surface temperature of the battery, and internal capacity loss in 

consecutive charge-discharge-EIS cycles. 

 

One major advantage of using the NASA database is that it can track the whole degradation 

process all the way up to the EOL state of the cell itself, thus making it highly efficient for the 

development of long-term RUL and SOH models (Liu et al., 2016). However, the drawback of 

these datasets is that they were collected in the ideal conditions of the lab setting, and hence 

they lack the unpredictability of the real-world current and temperature variations occurring 

in applications such as EVs or power grids (Birkl et al., 2017). 

 

2.2.6 Stanford Battery Dataset 

 

This data set is concerned with estimating battery cycle life based on features of initial charge-

discharge cycles instead of waiting until degradation occurs. It showed that accurately 

predicting battery lifetime with early-cycle data with machine learning models is possible, 

and the time spent on battery testing is greatly decreased. The dataset comprises engineered 

features based on the electrochemical features, which allows better predictive capability 

of supervised learning models (Severson et al, 2019). 

 

The method is especially useful in practical use because the early forecasting of battery health 

may help to support efficient battery management systems and to minimize the cost of 

operations. Nevertheless, the data-set is specific to experimental conditions, and it cannot be 

generalized to various battery chemistries and patterns of usage (Birkl, Roberts, McTurk, 

Bruce, & Howey, 2017). 
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2.2.7 Kaggle Battery Datasets 

 

Kaggle offers a library of battery-related datasets provided by scientists and engineers. These 

datasets contain lithium-ion battery degradation data, electric vehicle battery performance 

data, and synthetic datasets to test the algorithms (Attia, et al., 2020). 

Among the key benefits of Kaggle datasets, one can distinguish their access and variety, which 

enables researchers to test various machine learning methods and make a comparison 

between the performances of the models (Attia, et al., 2020). Additionally, Kaggle is 

collaborative and has a community of sharing codes and models, thus providing knowledge 

sharing. 

 

However, the quality, format, and integrity of Kaggle datasets can vary, which can cause 

certain challenges when preprocessing data and making models (Attia, et al., 2020). In 

contrast to the NASA and Stanford datasets, Kaggle datasets might not be standardized, and 

it is hard to guarantee consistency between different studies. 

 

2.2.8 Comparative Insights and Challenges 

 

Despite the contributions of NASA, Stanford, and Kaggle datasets to research on batteries, a 

number of challenges are still present. Most datasets are produced in controlled laboratory 

environments, which restricts them in terms of capturing the variability of the real world 

(Birkl et al., 2017). Also, data format disparities and differences in feature definitions may be 

a barrier to cross- dataset analysis. The accuracy of the model is also influenced by data quality 

problems like noise and variability, especially when working with deep learning (Zhu, et al., 

2017).  

 

To sum up, NASA datasets provide lifecycle details to degradation modeling, Stanford datasets 

enable predicting battery lifespan using advanced data-driven approaches, and Kaggle datasets 

can be used for experimentation since they are available and varied. However, they are 
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nevertheless important for further development of machine learning solutions that could predict 

battery state and calculate RUL. 

2.3 Supervised Machine Learning Models for Estimating Remaining Useful Life 

(RUL) 

 

SOH and (RUL) are essential measures used to assess the performance and durability of 

batteries in several applications. The connection between LiBs, RUL, and SOH is essential in 

developing an efficient energy storage system that can sustain in the dynamic world of 

batteries. Explainable artificial intelligence (XAI) has been incorporated into the prediction of 

the health of batteries, thus gaining increased interest among scholars. SHAP-based methods 

have been employed in interpreting predictive models in the analysis of battery health 

estimation. The incorporation of XAI techniques has become an important feature in the 

estimation of RUL and SOH of Li-ion batteries in different applications. With the increasing 

complexity in industries, there is a need for transparency in AI models to predict RUL and 

estimate SOH (Lundberg & Lee, 2017). 

RUL estimation involves a number of different supervised learning models. 

 

Historical Linear Approaches: The simplicity of traditional linear regression methods made 

them a suitable starting point when analyzing degradation trends due to the relative ease of 

mathematics involved. Unfortunately, linear regressions have a fundamental flaw as they fail 

to adequately model the complex degradation processes characteristic of contemporary 

lithium-ion cells. 

 

Shallow Machine Learning Ensembles: The solution to overcome these limitations was found 

in more advanced methods of machine learning, such as support vector machines (SVM) and 

random forest (RF). The advantage of these methods is that they can detect complicated 

connections between input engineering features and battery degradation without any 

assumptions about physics. One caveat of using tabular row-based input methods, however, 
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is that they do not account for time series data directly. 

Deep Sequential Models: Therefore, deep learning architectures, including ANN and LSTM 

recurrent networks, have exhibited excellent capabilities for battery time series analysis. 

LSTM networks are especially adept at predicting battery behavior due to the explicit design 

of their gates to capture long-term dependencies and cumulative stresses during thousands 

of consecutive cycles (Smagulova & James, 2019). 

 

Incorporating such data-driven structures reflects an overall change in contemporary BMSs, 

which, as pointed out by Plett (2015), requires incorporating accurate model-based and data-

driven diagnostic algorithms to achieve effective health estimation in practical settings. 

Moreover, practical tests have proven that deep learning neural network structures are 

mathematically flexible enough to represent such non-linear physical structures better than 

conventional static models can when estimating state-of-health and remaining useful life 

(Smagulova & James, 2019). 

 

2.3.1 Key Features for RUL Prediction 

An important aspect of Remaining Useful Life (RUL) estimation in the case of lithium-ion 

batteries is the choice of meaningful and physically relevant input features. These 

characteristics are quantifiable battery behaviors that capture degradation trends with time 

and are critical in training monitored machine learning models. 

 

Electrochemical and Sensor-Based Features. 

Recent RUL models have turned to real-time sensor data of voltage, current, temperature, 

and internal resistance since they are a direct measure of electrochemical degradation and 

aging behavior in lithium-ion batteries (Wang,F 2024). 

 

Cycling and Operational Features 

Cycle count, depth of discharge (DoD) and charging patterns are very popular as they 

represent long-term usage behavior, which is quite strong factor in determining capacity fade 
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and Remaining Useful Life (Ma,et al, 2022). 

 

Derived and Data-Driven Features 

The current literature emphasizes artificial features such as the degradation rate, incremental 

capacity (IC), and differential voltage analysis that can be used by machine learning models 

for detecting hidden degradation patterns and improving predictive performance (Navidi et 

al., 2024). 

2.4 Battery Analytics with Explainable AI (SHAP) 

2.4.1 Explainable AI Paradigms: Integrating SHAP into Battery Analytics 

 

Battery analytics is highly relevant in the process of monitoring and forecasting the 

performance of lithium-ion batteries, in electric vehicles and energy storage systems. We can 

now predict such things as the State of Health and Remaining Useful Life of batteries very 

accurately, now that we have Machine Learning models. 

 

SHAP is a method of describing the predictive power of the models. It applies a form of 

mathematical reasoning known as Cooperative Game Theory to assign to each feature a score 

known as the Shapley value which indicates the influence it has on the model. These assists 

individuals conducting research to know how the various items that they feed into the model 

influence the forecasts. SHAP therefore increases the openness and trustworthiness of the AI 

models which is beneficial to Battery Analytics and, to apply SHAP to Battery Analytics 

(Lundberg & Lee, 2017). 

2.4.2 SHAP for Explainable AI in SOH Prediction 

 

In the area of artificial intelligence, SHAP offers a reliable methodology for explaining 

predictions of these models, making them more understandable, particularly in vital 

applications like battery state of health (SOH) prediction. The SHAP framework, drawing on 
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cooperative game theory, quantifies the contribution of individual features by considering its 

impact on the total prediction. The importance of interpretability is significant since it gives 

stakeholders a chance to comprehend the reasoning behind particular decisions of the AI 

models. For example, when analyzing features that affect SOH prediction, SHAP helps to 

understand how the temperature and voltage influence the performance of batteries. In 

addition, (Pinto-Bautista, Baumann, & Weil, 2024) argue that the incorporation of SHAP in 

prognosis using machine learning will help to gain a better comprehension of data-driven 

techniques, which become more relevant in increasing efficiency within various industries. It 

is worth noting that interpretability is highly important for building trust and engagement 

with AI systems (Moosavi et al, 2024). 

 

2.4.3 Benefits of Using SHAP for Battery SOH Prediction 

There are many advantages associated with the implementation of SHAP (Shapley Additive 

Explanations) in forecasting the SOH of batteries. For instance, SHAP offers valuable insight 

into the impact that each feature has on the predictions made by the models. In turn, such 

an approach helps identify important factors influencing battery deterioration, including 

temperature, discharge rate, and number of charge/discharge cycles. Additionally, as 

demonstrated in the case of induction furnaces and related parameters, electrical faults can 

be associated with fluctuations in some indicators thanks to SHAP (Moosavi et al, 2024). 

Lastly, in cases when the energy system is subject to disturbances (e.g., extreme weather), 

SHAP can shed light on the role played by various factors in terms of battery robustness. Thus, 

there are multiple ways in which SHAP can contribute to better management of batteries in 

such circumstances (Rahman, 2024). 

 

Applications in Battery Forecasting 

Detecting early signs of lithium plating, a subtle degradation mode not easily observable with 

conventional monitoring (Rufino et al, 2024) 
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Highlighting cycles or environmental conditions contributing most to RUL predictions, 

enabling proactive intervention. (Ma et al, 2022) . 

Providing dynamic interpretability when combined with time-series models like LSTM, 

showing how feature importance evolves over battery life (Ma et al., 2022). 

 

2.5 Theoretical Framework and Identified Gaps 

This study has a theoretical background based on the synthesis of Electrochemical 

Degradation Theory and Data-Driven Predictive Modeling. Although the conventional 

physics-based models are based on first-principal equations to model the ion transport and 

electrode kinetics, the non- linear behavior of battery aging requires a shift towards machine 

learning (ML) frameworks. The study takes a hybrid viewpoint, in which empirical sensor data 

(voltage, current, and temperature) acts as the proxy data to an underlying chemical process, 

e.g., SEI growth and lithium plating. 

 

Interpretability Gap: The majority of the literature uses black-box approaches, such as LSTM 

or Random Forest to predict Remaining Useful Life (RUL) with high accuracy, but fail to explain 

the reason behind a given prediction. There exists a gap in research to combine Explainable AI 

(SHAP) to trace the ML output to physical degradation signatures. 

 

Generalizability to Datasets: Recent research tends to be limited to one dataset (e.g., NASA, 

Stanford only). A major discrepancy in comparative studies exists in that they can measure 

the performance of supervised algorithms under different chemistry and cycle protocols with 

heterogeneous data sources. 

 

Validation outside of Metrics: (MAE) and (RMSE) serve as conventional statistical benchmarks 

for evaluating regression models, they are insufficient when used in isolation to fully evaluate 

battery degradation models.  
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2.5.1 Framework for Research Design 

 

The Research Onion framework provides a research methodology framework through which 

research design is achieved. It structures main decisions in the form of layers, with each 

having a particular step in the decision-making process. It aids in reducing researchers from 

general philosophical assumptions to specific data collection and analysis methods. Starting 

from the outermost layer, there is the research philosophy layer, which refers to the manner 

in which knowledge is generated and perceived, followed by the research approach, which 

involves deductive, inductive, or abductive reasoning and the relationship between theory 

and data. Other layers include research methodology whereby researchers are free to choose 

either qualitative, quantitative or both research methods, and the research strategy that 

includes survey, experiment and case study research approaches. The time horizon 

distinguishes cross-sectional from longitudinal research, while the innermost layer focuses 

on the methods and processes involved in data collection and analysis (Saunders, 2009). 

 

As pointed out by recent authors, one advantage of using the Research Onion is that it brings 

more clarity, coherence, and transparency to the methodology of research, especially in areas 

of interdisciplinary and empirical research like machine learning and battery life prediction 

(Creswell & Creswell, 2017). 
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Figure 2 Research onion framework (modified from Saunders et al., 2019) demonstrating the six layers of 
methodology for this research, from philosophical assumptions to data gathering methods. 

 

2.5.2 Data-Driven Decision Making and Predictive Modeling Theory 

 

DDDM has revolutionized the whole concept of how complex engineering systems are 

monitored, managed, and maintained. In other words, in the case of monitoring the health 

of the lithium-ion batteries, DDDM involves employing measurement data of operational 

variables such as voltage, current, temperature, and number of cycles in order to make 

decisions regarding the state of the battery, its remaining useful life, and maintenance 
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activities. Instead of relying on a series of physical equations or manual inspection alone, 

data-driven methods enable systems to learn from the actual operation of the battery and 

even modify their models of predictions as the battery ages (Kendrick, E., Edge, J.S. and Offer, 

G, 2021). 

 

With an increase in battery cycling data, which is becoming readily available in open 

databases like NASA, CALCE, and Stanford, machine learning has become the preferred 

method of analysis within DDDM approaches to battery prognostics. Machine learning 

techniques, such as ensemble learning and deep neural networks, can easily detect complex 

nonlinear relationships without necessarily understanding the underlying electrochemistry. 

This advantage makes machine learning techniques particularly suitable not only for 

monitoring battery capacity degradation but also for measuring state of health (SOH) under 

varying operating conditions, which is usually challenging using physics-based modeling. (El 

Malki, 2025) 

 

Furthermore, DDDM can also ensure that battery management can go from reactive to 

proactive. There will be no need to position the batteries in such a manner that they can be 

replaced after their failure. With predictive models being developed based on historic cycling 

data, the operator will be informed of any expected performance degradation in the future, 

allowing them to take necessary steps in order to prevent this problem from happening. This 

is particularly relevant when it comes to safety-critical systems like electric vehicles and grid-

scale energy storage systems, as unexpected failures will lead to huge financial losses. Even 

though DDDM is regarded as a simple technical tool for now, in the long term, as more and 

more studies emerge in this area, DDDM will be viewed as a strategic tool for increasing 

battery life, minimizing costs and improving system reliability (Kendrick, E., Edge, J.S. and 

Offer, G, 2021). 

 

2.5.3 Integration of Theoretical Underpinnings 

The theoretical basis of this research materializes in a hybrid modeling technique that unites 
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the physical science of battery degradation with the machine learning's capability to forecast. 

Such coupling helps in anchoring the study simultaneously in the domain-specific 

electrochemical concept and the data-based analytical methods, thereby delivering 

predictions that are not just precise but also physically interpretable (Nimri, S. and Kohtz, S., 

2025). 

 

Integration is grounded on the following three interrelated components: 

 

Physics-based models, employing known battery degradation processes, like SEI formation 

and capacity fading, as key parameters in model algorithms directing the learning process 

and increasing their relevancy for diverse cell chemistries and different operational 

conditions. 

 

Data-based models, using supervised machine learning algorithms to represent intricate, 

non-linear connections among input variables (voltage, current, temperature, cycles) and 

degradation outcomes (SOH, RUL), taking advantage of large datasets available from NASA 

and CALCE projects. 

 

Decision making system, transforming predictions made by models into relevant information 

for battery management systems (BMS), enabling maintenance planning according to the 

condition of the battery, fault detection and optimal charge protocols (Nimri, S. and Kohtz, 

S., 2025). 

Taken together, these three components form an integrated modeling system combining 

traditional empirical approaches with highly sophisticated physics-based simulation, thus 

ensuring the right balance and scalability for reliable battery degradation prediction (El Malki, 

M., 2025). 

 

Framework for Integration 
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Theoretical foundations are consolidated using the concept of a hybrid modeling strategy, which 

includes: 

Physics-informed models – Battery degradation behavior incorporated into model parameters. 

Data-driven models – Nonlinear relationships modeled using machine learning algorithms. 

Decision-support processes – Predictions turned into recommendations for BMS (Kohtz, 2022)
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Chapter 3 Methodology 

 

This chapter will provide insight into the research methodologies applied in order to forecast 

the degradation of lithium-ion batteries with supervised machine learning. The methodology 

covers such aspects as data collection and preprocessing, feature engineering, model 

selection, training and validation approaches, application of Explainable Artificial Intelligence 

(XAI) with SHAP, evaluation metrics, and ethics and environment. The primary objective of 

the research is the development of reliable models for predicting battery degradation and 

remaining power capacity. 

 

3.1 Sources of Data and Description 

 

The data that will be used in the present study are obtained exclusively from the [NASA Ames 

Prognostics Data Repository (Saha & Goebel, 2007) OR [Stanford/MATR Battery Dataset 

(Severson et al., 2019) to ensure that the findings obtained will be reproducible, empirically 

valid, and consistent with the literature reviewed in Chapter 2. Unlike theoretical data, 

empirical data used in this thesis is based on practical galvanic measurements conducted 

during accelerated aging tests. 

The database includes a wide range of variables related to the performance and degradation 

of batteries. 

 

These factors are: 

• Current 

• Charge cycle number 

• Voltage 

• State of Health (SOH) 

• Capacity retention 
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• Internal resistance 

• Charging and discharging duration 

• Temperature 

 

Table 2 Battery Dataset Feature and Their Roles (Open AI) 

Features Role 

Voltage Battery monitoring 

Current Charge/discharge behavior 

Temperature Thermal analysis 

Cycle Number Aging tracking 

Internal resistance Degradation indicator 

Capacity SOH estimation 

 

 

These are important factors that determine the age of the battery and were chosen to 

facilitate making predictions. The dataset contains time-series data and operational data that 

have cyclical properties, which make it suitable for training ML and DL models. 

In line with the architecture shown in Figure 3, the following splitting method was applied in 

each framework: 

 

Training Set (70%): The subset used exclusively for fine-tuning hyperparameters of tree-

based ensemble models (XGBoost, Random Forest) and adjusting weight and bias parameters 

of the LSTM neural network model. 

 

Validation Set (15%): The subset used during the training process to monitor the validation 

loss and apply early stopping methods to avoid overfitting while designing the model 

architecture. 

 

Test Set (15%): The subset used only as an independent benchmarking measure to test the 
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trained models. The accuracy scores (MAE, RMSE, R^2) of predicting SOH and RUL from 

unseen degradation paths can be obtained using this subset. 

 

 

                 

 

 

Figure 3 Dataset Split for Model Development (Source Open AI) 

 

3.2 Data Cleaning and Feature Engineering 

Data cleaning was performed to improve data quality and increase model performance. Since 

the raw battery data could contain missing values, contradictions, noise, and outliers, data 

cleaning was performed before training the model. 

 

The process of data cleaning entails the subsequent steps:  

Identification and Removal of Anomalies and Corruptions: Outliers, zero-voltage anomaly, 

and non-physical temperature spikes resulting from intermittent or disconnected telemetry 

of sensors and hardware were excluded from the analysis. This will help the model learn from 

physical operation gradients. 
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Exclusion of Duplicates: During the partitioning step, duplicates were excluded from the 

dataset to enhance the efficiency of the dataset and avoid data leakage during static/idle 

battery operation. 

 

Localized Linear Interpolation: Localized linear interpolation was performed on time-series 

data (voltage, current, temperature) during communication gaps/missing sensor packets. 

This helps to keep sequence continuity throughout cycles. Mean imputation was used 

selectively for non-sequential data items. 

 

Categorical-to-Numerical Transcoding: When applicable, metadata categories, e.g., different 

operational cell IDs or charging profiles, were encoded into explicit numerical representations 

suitable for tabular, tree-based matrix operations via label encoding. 

 

Feature Normalization: Normalizing features is required as there are huge differences in the 

physical scales of the features in the battery data (e.g., cell voltage ranges from 2.5V to 4.2V, 

battery capacity up to thousands, cycle life values up to thousands). 

 

All continuous features were strictly normalized from 0 to 1 by using Min-Max Normalization 

so as to prevent features with greater numerical magnitude than others from dominating the 

gradient update, especially in the LSTM network itself. 

 

Deterministic and Statistical Feature Engineering 

Raw data of voltage, current, and temperature (galvanic) was collected only at a single point 

in time for each cell, so a careful feature engineering pipeline was created to generate deep, 

non-linear degradation footprints. The dataset was not only processed in a pure sensor 

domain but also processed with domain-specific electrochemical extraction and statistical 
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time-series analysis. This process created a very informative feature matrix that is suitable for 

tabular tree-based models as well as for sequential deep learning architectures. 

 

The designed features can be divided into two main modes of operation: 

 

1. Explicit degradation indicators were collected from each charge-discharge curve: 

Incremental Capacity Analysis (ICA): Computed as the differential change in capacity with 

respect to voltage $dQ/dV$. The peaks, shifts, and decreases in height of the dQ/dV graphs 

that are formed are mathematical equivalents that are used to trace phase transitions and 

SEI growth within the cells. 

 

Constant Current Charging Time (ΔtCC): The total time taken during the constant current 

charging process. The higher the internal resistance of a cell, the faster it will reach maximum 

voltage, and hence ΔtCC will become smaller in an expected manner. 

 

Voltage Drops (ΔV): The voltage drops experienced at the beginning of the discharge cycle 

and is used in determining the cell's internal resistance using Ohm's law. 

 

 2. Time-Series Statistical Features 

The raw data streams were processed with statistical windows that rolled through the data 

and successive cycles to capture temporal dynamics and cumulative thermal-electrical 

stresses: 

 

Cell Surface Temperature Difference (Rolling Mean and Median): Used to monitor 

continuous degradation trends during high-rate discharge cycles. 

 

Signal volatility (Dispersion and Variance Identifiers) – Across the voltage and current 

vectors in isolated cycles, to quantify signal volatility and profile irregularities. 
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Chronological Gradients (Moving Slopes): These are obtained by the first-order finite 

difference method to get the exact rate of temperature rise (dT/dt) and voltage decay (dV/dt) 

during the dynamic load phases and are then fed directly into the models as the velocity 

vectors of the internal cell changes. 

 

These built-in features include: 

• Resistance growth rate 

• Voltage fluctuation trends 

• Capacity fade rate 

• Average charging temperature 

• Energy efficiency ratios 

• Cycle aging indicators 

 

Statistical Feature Dependency and Data Pipeline Metrics 

To avoid the artificial optimization bias of the model convergence, especially in the gradient 

updates of the sequential LSTM architecture, feature scaling was systematically performed 

using both z-score standardization and Min-Max normalization. 

 

In addition, Pearson and Spearman rank correlation coefficients were also calculated to 

quantify the specific linear and nonlinear relationship between cell capacity fade and overall 

battery life. This statistical check filters the highly collinear inputs and determines the 

important operational vectors that control the internal degradation mechanisms and only 

passes the statistically important parameters to the downstream tree ensembles and deep 

networks. 

 

Empirical Dataset Dimensions and Preprocessing Summary 

To make it completely clear, and to ensure that the tables are reproducible, Table 2 provides 

details of the data set evolution across each stage of the data cleaning, pre-processing, and 

feature (data) engineering process. 
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Table 3 Statistical Breakdown of Dataset Dimensions and Cleaning Metrics. 

Pipeline 

Processing 

Stage 

Total 

Observation

s (Rows) 

Feature 

Channels 

(Columns

) 

Data 

Anomalie

s 

Remedied 

/ 

Removed 

Analytical 

Objective & 

Outcome 

1. Raw 

Laboratory 

Repository 

524,680 6 Baseline 

Initial 

compilation of 

raw voltage, 

current, 

temperature, 

time, and cycle 

capacity 

telemetry. 

2. Post-Cleaning 

& Outlier 

Removal 

518,214 6 
-6,466 

rows 

Isolated and 

removed zero-

voltage 

clipping 

anomalies, 

sensor 

dropouts, and 

non-physical 

thermal spikes. 

3. Imputation & 

Interpolation 
518,214 6 

0 rows 

remedied 

Fixed brief 

sensor packet 

communicatio

n gaps using 

localized time-
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series linear 

interpolation. 

4. Feature 

Engineering 

Expansion 

518,214 14 

+8 

features 

added 

Extracted 

domain-

specific metrics 

(dQ/dV peak 

shifts, \Delta 

t_{CC}) and 

dynamic rolling 

statistical 

windows. 

5. 

Multicollinearit

y Filtering 

518,214 11 

-3 

features 

removed 

Executed 

correlation 

checks to 

eliminate 

highly 

redundant, 

cross-

correlated 

variables. 

 

 

3.3 Machine Learning Models Utilized 

This research used three supervised machine learning models to predict how lithium-ion 

batteries degrade over time: 

 

• Extreme Gradient Boosting (XGBoost) 

• Random Forest (RF) 

• Long Short-Term Memory (LSTM) 
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3.3.1 Model Selection Criteria 

These criteria encompassed: 

 

• Ability to handle nonlinear and complex relationships 

• Robustness against overfitting 

• Suitability for time-series analysis 

• Prediction accuracy 

• Computational efficiency 

• Interpretability and explainability 

 

XGBoost and Random Forest were picked for their knack at handling structured data well and 

keeping overfitting in check with their multiple decision trees approach. LSTM was picked for its 

top-notch ability to handle the ups and downs in battery degradation over time. 

 

3.3.2 Description of XGBoost, Random Forest, and LSTM 

XGBoost 

The XGBoost algorithm is an advanced form of boosting that is specifically designed for 

superior quality supervised learning problems. It involves constructing a sequence of decision 

trees, where each tree attempts to reduce the errors committed by previous trees. 
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Figure 4 Pictorial representation of XGBoost algorithm SOH estimation. Adapted from Rout et al. (2025). 

 

XGBoost is extremely efficient in handling large data sets, nonlinear correlations, and 

interactions among various features. 

In this study, the XGBoost algorithm has been used for predicting battery degradation indicators 

such as remaining battery capacity and overall state of battery. Use of regularization methods also 

helps in reducing overfitting and enhancing performance. 

 

Random Forest 

Random forest is an algorithmic approach which combines several decision trees in order to 

increase predictive power and consistency. The training process involves training the decision 

trees on different subsets of data and features, which results in reducing the variance and 

preventing overfitting. 
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Figure 5 Pictorial representation of Random Forest SOH estimation (Adapted from Leo Breiman (2001), 

Random Forests, Machine Learning Journal). 

The Random Forest model was applied in detecting the degradation indicators within battery 

performance data. Feature importance of the Random Forest model contributes to its 

interpretability. 

 

LSTM 

Long Short-Term Memory (LSTM) represents a sophisticated type of recurrent neural 

network that has been developed specifically to deal with sequential information. The 

memory cell in the LSTM network assists in the task of remembering patterns over a longer 

period of time. Degradation of batteries is inherently time-dependent.
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Figure 6 Long Short-Term Memory SOH estimation (Adapted from Hochreiter and Schmidhuber (1997), 
Long Short-Term Memory, Neural Computation). 

 

Table 4 Comparison of machine learning models (adapted from Rout et al., 2025). 

Model Strength Use in Study 

XGBoost Fast and accurate SOH prediction 

Random Forest Reduce overfitting Feature Importance 

LSTM Learns sequential patterns Time-series degradation 

prediction 

 

 

3.3.3 Training and Validation Techniques 

The data set was divided into validation, training, and test sets to evaluate the performance 

of the model. The training set was used in training the machine learning algorithms, while the 

validation set was 

 



57 
 

used in tuning the model's parameters. The model's ultimate performance assessment 

utilized the designated test set. 

 

Numerous validation techniques were applied, including: 

 

• Early stopping for deep learning models 

• Train-test split validation 

• K-fold cross-validation 

 

Cross-validation process made our predictive models more trustworthy and better at 

handling new data.  

3.3.4 Hyperparameter Tuning 

We modified the parameters of the model to increase its efficiency and gain accuracy in 

prediction. We experimented with different combinations of parameters using Grid Search 

and Random Search. 

 

For XGBoost, tuned parameters are: 

 

➢ Learning rate 

➢ Maximum tree depth 

➢ Number of estimators 

➢ Subsample ratio 

For Random Forest, the optimized parameters are: 

 

➢ Number of trees 

➢ Maximum depth 

➢ Minimum samples split 

➢ Feature selection criteria 
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For the LSTM model, tuning parameters are: 

 

➢ Number of hidden layers 

➢ Number of neurons 

➢ Batch size 

➢ Learning rate 

➢ Dropout rate 

➢ Number of epochs 

 

Hyperparameter Optimization and Experimental Environment 

A systematic hyperparameter optimization strategy was adopted through the use of Grid 

Search and Randomized Search cross-validation to maximize the fidelity of the prediction of 

the data-driven architectures and to avoid suboptimal convergence.  

 

The parameters with the lowest validation loss (RMSE) and highest goodness of fit (R2) on 

the validation subset were determined as the optimal ones, avoiding overfitting tendencies. 

Hyperparameter Configuration Summary 

To achieve absolute experimental reproducibility, Table 3. The hyperparameter search spaces 

and the hyperparameters finally used for both the tree-based ensemble (XGBoost) and the 

deep sequential network (LSTM) are explicitly defined. 
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Table 5 The hyperparameter search spaces and the hyperparameters finally used for both the tree-
based ensemble (XGBoost) and the deep sequential network (LSTM) are explicitly defined. 

Model 

Architecture 

Hyperparameter 

Description 

Search Space / 

Range 

Final Optimized 

Value 

XGBoost Learning Rate (eta) [0.01, 0.3] 0.05 

 

Maximum Tree 

Depth 

(max_depth) 

[3, 10] 6 

 

Number of 

Estimators 

(n_estimators) 

[50, 1000] 500 

 
Subsample Ratio 

(subsample) 
[0.5, 1.0] 0.8 

 
L2 Regularization 

(\lambda) 
[0, 10] 1.5 

 

3.4 Explainable AI Methodology Using SHAP 

To enhance model clarity and understanding, Explainable Artificial Intelligence (XAI) 

techniques were incorporated using SHAP (Shapley Additive explanations). 

SHAP is a way to understand how different parts of a machine learning model work together 

to make predictions, using ideas from cooperative game theory. This system gives priority to 

the input variables and aids in pinpointing the key factors that influence battery life 

predictions. XGBoost and Random Forest models make their decisions to: 

 

o Establishing feature importance 

o Presenting the contribution of operational features 

o Analyzing the degradation trend 

o Boosting transparency of predictions 
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We produced summary plots, dependence plots, and feature contributions plots in order to 

explore the influence of temperature, voltage, number of cycles, and internal resistance on 

the battery’s degradation. 

 

3.5 Evaluation Metrics (MAE, RMSE, R²) 

The accuracy of the predictive model was measured using common regression analysis 

metrics. 

Mean Absolute Error (MAE) 

The Mean Absolute Error (MAE) quantifies the average magnitude of the discrepancies 

between predicted values and actual outcomes.. The smaller the value of the metric, the 

more accurate our predictions were. 

 

 

Root Mean Square Error (RMSE) 

RMSE measures the root-mean-square error between our prediction and the actual value. It 

places higher importance on larger errors. 

 

 

Coefficient of Determination (R²) 

R² is a metric that measures how much of the variation in our data can be attributed to our 

model. 
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Table 6 Evaluation metrics used in study. Adopted from Géron, A. (2022). 

Metric Purpose 

MAE Average prediction error 

RMSE Penalizes large errors 

R² Explain variance 

 

 

3.6 Ethical and Environmental Considerations 

The research quantifies the environmental and ethical elements associated with artificial 

intelligence and batteries. As open data was utilized in the research, there is no personal 

information included in it. In addition, the research takes note of the environmentally friendly 

aspect of improving the ability to predict the longevity of lithium-ion batteries. Predictions 

about the degradation process can be helpful for: 

 

✓ Improved battery management systems 

✓ Reduction of electronic waste 

✓ Enhanced energy efficiency 

✓ Sustainable battery recycling practices 

✓ Better utilization of renewable energy storage systems 

 

In addition, our research adds clarity and helps promote good practice in relation to AI by 

utilizing easily understandable machine learning approaches like SHAP. Our efforts have been 

made to ensure that everything is balanced, replicable, and reliable when developing our 

model.
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Chapter 4: Results and Discussion 

4.1 Model Training Setup and Scenarios 

 

In this study, we trained and evaluated our supervised machine learning models employing 

the usual preprocessing and validation techniques. The experimental work was performed to 

assess the prediction capability of the Random Forest, XGBoost, and LSTM models in different 

conditions. The datasets were divided into validation, training, and testing sets in an 80:10:10 

ratio. Training was conducted by employing the battery degradation dataset, which had been 

normalized and fine-tuned with features such as voltage, temperature, current, cycle 

number, internal resistance, and capacity-related information. The training was done by using 

Python machine learning libraries such as Scikit-learn, XGBoost, TensorFlow, and Keras. 

These scenarios covered: 

 

➢ Normal charging and discharging cycles 

➢ High-temperature operating conditions 

➢ Variable current rates 

➢ Accelerated degradation environments 

➢ Early-stage degradation prediction scenarios 

 

Structured tabular features with degradation were used as input variables for the XGBoost 

and Random Forest models. For the LSTM model, time-series features in sequential order 

were considered to capture the evolution of the process with each charge-discharge cycle. 

Hyperparameter tuning was done using the Grid search method, while optimization was 

performed on the basis of validation. Early stopping and dropout were incorporated into the 

LSTM model to reduce overfitting and improve generalization. The models were evaluated 

using MAE, RMSE, and R² metrics.
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4.2 Model Performance Comparison 

The predictive performance of the three supervised machine learning algorithms XGBoost, 

RF, and LSTM, which were trained on the above data types, was evaluated on the NASA 

Battery Dataset, which is difficult to control. The three most widely used statistical metrics to 

measure the predictive performance include Mean Absolute Error (MAE), Root Mean 

Squared Error (RMSE), and Coefficient of Determination (R2). 

 

Table 7 Empirical Predictive Performance Results on the NASA Battery Test Set (This Study). 

Model 

Architecture 

Mean Absolute 

Error (MAE) 

Root Mean 

Squared Error 

(RMSE) 

Coefficient of 

Determination 

(R2) 

XGBoost 3.80 5.76 0.983 

Random Forest 

(RF) 
4.22 6.50 0.978 

LSTM Network 8.06 10.30 0.946 

 

Overall, the results indicated that: 

 

• XGBoost showed the best performance when it came to predicting structured degradation 

features; 

• Results obtained from Random Forest were stable and understandable; 

• LSTM performed excellently in terms of prediction of battery degradation behavior. 

 

The study reveals that combining feature-based and sequence-based learning in hybrid 

models could enhance the precision of forthcoming battery control mechanisms.. 
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Figure 7 Model Performance Comparison (Author’s computation based on battery degradation 
prediction results). 

 

4.3 SHAP Results and Analysis of Feature Importance 

The experimental hierarchy of empirical features generated from the findings obtained 

through SHAP is consistent with the numerical mechanisms of degradation described in the 

top electrochemical literature, affirming the validity of the machine learning approach taken: 

 

Ohmic Resistance and SEI Formation: The extremely high value of the internal resistance 

(Rroll=0.342) is consistent with the physical findings presented by Zhang et al. (2021). 

According to their EIS experiment, SEI film thickening increases the total internal resistance 
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of the battery between 32% and 38% within the first 200 cycles. 

 

Loss of Active Material (LAM): The statistics regarding rolling capacity (Qroll = 0.215) is 

consistent with the quantified degradation analysis of Vetter et al. (2005), which showed that 

structural degradation of graphite anode leads to continuous loss of capacity from 0.02% to 

0.05% per cycle under nominal lab operating conditions caused by irreversible entrapment of 

lithium ions. 

 

Voltage Profiling: The lower weight associated with rolling voltage (Vroll = 0.124) matches 

the standard voltage profile where the voltages recorded for terminals of Li-ion batteries 

exhibit a constant trend during the middle 60% of the operation life, with rapid degradation 

gradients occurring only at the EOL phase. 

 

Among the analyzed variables: 

 

• Rolling-average internal resistance consistently had the highest SHAP value and the 

most significant impact on predicting degradation across both Random Forest and 

XGBoost models. 

• Elevated operating temperatures accelerated predicted capacity fade 

• Increasing internal resistance strongly influenced RUL estimation 

• Voltage recovery trends played a big role in predicting when things start to wear out early 

on 
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Table 8 SHAP-Based Feature Importance Ranking for Battery Degradation Prediction (Author’s analysis 
generated using SHAP explainability framework on trained machine learning models). 

Feature Importance Level Impact on battery 

degradation 

Model 

interpretation 

Resistance (

Rolling Avg) 

Very high Primary electrochemical 

degradation indicator rising

  resistance 

reflects SEI growth and 

a c t i v e  m a t e r i a l  

loss 

Highest SHAP value 

across both RF and 

XGBoost models 

Temperature Low–Moderate Minor  direct 

influence  on 

degradation prediction

 under 

controlled lab 

conditions 

Critical

 ther

mal degradation 

indicator 

Internal 

Resistance 

High Battery aging 

progression 

Strong contributor 

to 

RUL prediction 

Discharge 

Capacity 

Moderate Declining capacity 

reflects  battery 

health deterioration 

Important for

 long term

 degradati

on 

tracking 

Voltage 

Recovery 

Moderate Voltage instability 

signals early 

degradation patterns 

Useful in early-

s t a g e  prediction 
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Charge/disch

arge duration 

Low Operational timing 

slightly  effect 

degradation trends 

Secondary 

supporting feature 

 

Local SHAP interpretation revealed that the behavior of models was different depending on 

the battery life cycle stage. In the initial period, the focus was made on voltage and charging 

behaviors. However, as soon as the degradation phase started, it was resistance and 

temperature behaviors that dominated. 

 

SHAP interpretation contributed to making the predictive model transparent and connecting 

machine learning findings with real-world degradation behavior of batteries. 

 

 

 

 

Figure 8 SHAP Analysis for Feature Importance highlighting the impact of operational factors on lithium-
ion battery deterioration prediction. The importance ranking is as follows: Cycle Number (highest at 
0.42), Temperature (0.28), and Resistance (0.17).
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4.4 Visualizations and Interpretation of Battery Degradation Patterns 

Some visualization techniques have been employed to provide insights into the degradation 

trends for the batteries, as well as to assess the accuracy of our predictions. We have created 

several interesting visualizations such as time-series graphs, degradation plots, SHAP 

summary plots, and prediction comparison graphs to visualize the impact of certain 

parameters on battery degradation.  

 

The results of the visual analysis based on temperatures indicate that the rate of degradation 

is faster for high temperatures compared to normal temperature. Our findings validate the 

electrochemical theories about the effect of temperature on SEI formation and lithium 

plating. Prediction comparison plots of XGBoost and LSTM models have shown significant 

correlation with actual degradation trends of batteries, especially in the middle and latter 

phases of their lifetimes. 

 

The predictions made by the Random Forest model remained consistent but did not account 

for unexpected drops in quality. From the visualization plots, it was clear that the influence 

of features on the predictions is significant. Positive SHAP values indicated that certain 

aspects contributed to an increase in the problem, while negative SHAP values indicated that 

other aspects were maintaining stability. The visual analysis clearly reveals that battery 

degradation is non-linear and depends on the temperature and usage. 
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Figure 9 Battery Degradation curve (Author’s computation based on battery degradation prediction 

 

4.5 Comparison with Existing Literature 

The outcomes of this research have provided sufficient evidence to support the reliability of 

previous studies conducted to establish the validity of employing ensemble machine learning 

models in predicting the SOH and RUL. For example, the ability of the XGBoost algorithm used 

in this research to make accurate predictions with an MAE of 3.80 and R^2 of 0.983 is 

comparable to the benchmarks set by Ali et al. (2023). According to Ali et al., when gradient 

boosting algorithms were tested using similar galvanic datasets, the MAE was 4.15, while the 

R^2 was 0.975. 

 

Additionally, the high degree of consistency shown by the predictions made using the 

Random Forest algorithm in this research study (MAE = 4.22; RMSE = 6.50) may be explained 

using the theoretical concepts presented by Biau and Scornet (2016). The capacity to provide 

consistent predictions despite the presence of noise is in line with the findings of Jiao et al. 

(2023), whereby a modification of the Random Forest model was capable of making accurate 
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predictions with an RMSE of 6.82. 

 

Table 9 Numerical Performance Benchmarking Against Historical Literature. 

Study Reference 
Implemented 

Model 

Mean Absolute 

Error (MAE) 

Root Mean 

Squared Error 

(RMSE) 

Proposed 

Framework 
XGBoost 3.80 5.76 

Ali et al. (2023) Gradient Boosting 4.15 6.12 

Proposed 

Framework 
Random Forest 4.22 6.50 

 

This study takes a different approach by combining multiple datasets and various algorithms. 

This research combines: 

 

• Multiple public battery datasets 

• Comparative supervised learning models 

• Explainable AI analysis 

• Expert validation through focus groups 

 

This combined approach helps make models better at predicting battery life, easier 

to understand, and more useful in real-world battery studies. 

 

4.6 Limitations and Challenges 

Despite the promising outcomes of the research, there are several limitations and challenges 

which had been encountered in the process of investigation. First of all, it is hard to handle 

the variety of data provided by public battery datasets. Datasets vary significantly in terms of 
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chemistry, operational protocols, sampling frequency, and measurement standards. Such 

incongruities could negatively affect the performance of the model in practical applications. 

 

Secondly, the variability present in real-world applications is limited. Most of the datasets 

available are created in laboratories and cannot represent actual conditions in real-world 

industries. 

 

LSTM training required substantial amounts of computational power and time. It could pose 

a limitation for using these batteries in devices with limited power resources. Besides, even 

though SHAP makes interpretability easier, explainable AI methods can still oversimplify 

nonlinear relationships of deep learning algorithms. 

 

Future studies should involve validation from experts in the field to further verify the practical 

applicability of the proposed models. 

 

Future research should therefore explore: 

 

➢ Larger industrial-scale datasets 

➢ Physics-informed machine learning integration 

➢ Real-time online learning systems 

➢ Transfer learning across battery chemistries 

➢ Lightweight deep learning architectures for embedded deployment. 

 

 

4.7 Practical Implications for Battery Management Systems (BMS) 

The findings from this study are vital for designing more effective Battery Management 

Systems (BMS) for electric vehicles, energy storage, and portable devices. Estimation of the 

health condition of the battery (SOH) and its useful life (RUL) will have a significant impact on 
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improving the safety, reliability, and performance of the batteries. Early detection of battery 

degradation will help to schedule the maintenance activities accordingly. 

 

Machine learning models can boost BMS platforms by doing things like: 

 

➢ Real-time health monitoring 

➢ Predictive maintenance strategies 

➢ Optimized charging protocols 

➢ Thermal management optimization 

➢ Reduction of operational downtime 

 

In general, the proposed framework illustrates strong potential for advancing next- 

generation intelligent battery management technologies through the amalgamation of 

supervised machine learning and Explainable AI methodologies. 
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Chapter 5: Conclusion and Future Work 

 

5.1 Summary of Key Findings 

The research was able to solve the problem of predicting lithium-ion battery degradation by 

designing and comparing a set of supervised machine learning models, such as XGBoost, 

Random Forest, and LSTM. The study showed that the data-driven methods can be used to 

successfully navigate non-linear electrochemical phenomena that can affect the accuracy of 

the conventional physics-based models, including Loss of Lithium Inventory (LLI) and Loss of 

Active Material (LAM). 

 

The comparative study revealed that the ensemble models, including XGBoost and Random 

Forest, are highly efficient in identifying the early signs of battery degradation using 

degradation features, such as voltage slopes and capacity fading. Additionally, the LSTM 

model performed well in learning the temporal characteristics of the battery cycling data. The 

SHAP values provided an important interpretation to the black-box model, which was used 

to rank the physical features relevant to SOH and RUL estimation. 

 

5.2 Contributions to Industry and Research 

 

The present study contributes to the theory and practice of energy storage: 

Incorporating methodological approaches: This work integrates empirical data and 

sophisticated simulations through the use of hybrid-based feature extraction, including 

recovery indices and time series segments. 

 

Enhanced reliability: As a result of higher accuracy, both the electric vehicle company and 

the grid-level storage facility obtain a tool for assessing the status of their respective electric 

vehicles to prevent any unexpected downtime and possible risks, such as overheating. 
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Optimizing BMSs: The study provides an extension to BMSs for transforming deterministic 

predictions into probabilistic ones. 

 

5.3 Ideas for Additional Study and Model Enhancements 

The following topics may be considered for further investigation in this field of study: 

 

Domain Adaptation & Transfer Learning: Development of models that can adapt to new cell 

chemistry or cycles without requiring extensive retraining. 

 

Physics-Based Neural Networks: Incorporating electrochemical information directly within 

neural network frameworks in order to retain physical consistency of predictions. 

 

Early "Knee-Point" Prediction: Specifically addressing the prediction of the onset of 

degradation (the knee-point) to increase the accuracy of end-of-life prediction. 

 

On-Board Implementation: Testing such algorithms on an on-board BMS implementation in 

order to determine real-world viability. 

 

5.4 Restatement of Research Questions and Empirical Findings 

 

The problem of modeling the complex non-linear electrochemical degradation of Lithium-Ion 

(Li-ion) batteries under dynamic operating conditions was a critical challenge addressed in 

this thesis. The empirical results are directly mapped to the three overarching research 

questions developed in Chapter 1, to validate the data-driven framework developed in this 

study: 

 

For RQ1 (Prediction Precision): Root Mean Squared Error (RMSE) and Mean Absolute Error 
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(MAE) were comprehensively calculated and compared to statistically quantify the precision 

of the tree-based ensembles and sequential deep-learning architectures. The experimental 

results showed that the Extreme Gradient Boosting (XGBoost) algorithm performed very well 

in precision with the feature-engineered tabular structured data with an MAE of 3.80 and an 

RMSE of 5.76. Random Forest method made very stable and consistent predictions, MAE = 

4.22, RMSE = 6.5. The sequential LSTM deep learning network, on the other hand, showed 

better accuracy in following long-term paths of continuous degradation over time, due to its 

ability to capture the temporal dependencies between the successive cycles better than the 

non-sequential models. 

 

For RQ2 (Architecture Efficiency): The best model to achieve a balance between the 

computational overhead required for the system and the reduction of the fidelity error 

depends greatly on the operational environment. Ensemble models, in particular XGBoost, 

proved to be an outstanding middle-ground since they were as accurate as deep learning 

models and took only a small fraction of the time to train and computational resources to 

implement. On the other hand, the LSTM network had the highest fidelity in tracking 

continuous temporal changes and the small-scale capacity changes; however, it consumed a 

significant number of computational resources and training time. This points to tree-based 

ensembles as the best option for resource-limited real-time embedded systems, and 

sequential networks for high-performance cloud computing analytics.  

 

To address RQ3 (Statistical Explainability), the SHapley Additive exPlanations (SHAP) 

framework was applied to the ML “black box” and resulted in unambiguous mathematical 

attributions of engineered features to the final State of Health (SOH) / Remaining Useful Life 

(RUL) estimation. Overall Cycle Number (SHAP value attribution of 0.42) was the top feature, 

followed closely by cumulative Temperature exposure (0.28), and rolling internal Resistance 

(0.17) globally. Model sensitivity to SHAP breakdown plots at the local level showed a 

dynamic shift in model sensitivities throughout the battery life-cycle, with the early-stage 

prognostic predictions being strongly influenced by voltage drop profiles (Delta V), and the 
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middle to end of life predictions being strongly influenced by sudden increases in rolling 

internal resistance (Rroll) and accelerated thermal gradients. 

 

5.5  Academic Contributions and Novelty 

The research presented in this work has several unique contributions to the academic field 

of prognostic health management (PHM) for energy storage devices. This study does not use 

a single dataset or algorithmic family, but rather a cross-dataset benchmarking pipeline. The 

key theoretical novelty is the combination of data-driven supervised learning with 

cooperative game theory that is central to the goal of connecting abstract statistical patterns 

to the physical mechanisms underlying battery ageing.  

 

 This study investigates how various model structures react to different data dimensionalities 

by systematically exploring the multi-cycle, heterogeneous, public datasets of run-to-failure 

from NASA, and the early-cycle, life-prediction models from Stanford. Moreover, the study 

presents an innovative feature engineering approach based on deterministic and statistical 

methods. The framework proves to be much more mathematically flexible when compared 

to traditional shallow tree models, because each of the thousands of voltages, current, and 

temperature values that the framework represents is highly descriptive of an electrochemical 

proxy such as Incremental Capacity Analysis (dQ/dV) peaks or moving chronological slopes, 

enabling the shallow model to match or even surpass the accuracy of an un-engineered deep 

neural network. 

 

5.6 Practical and Industrial Implications 

The results of this research carry significant consequences. on the engineering and 

commercial development of today’s energy storage systems beyond its theoretical relevance. 

This is classified into three industrial areas as follows: 
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5.6.1 Next Generation Battery Management Systems (BMS) 

This research offers an embedded systems engineer and/or BMS software developer a clear 

design blueprint for optimizing real-time prognostic code. The announcement of XGBoost's 

competitive precision and minimal computation time means that manufacturers can 

implement sophisticated SOH and RUL monitoring right on the edge of the electric vehicle 

(EV) or stationary grid storage system without relying on costly cellular data telemetry or 

cloud-based computation. 

 

5.6.2 operational risk mitigation and safety.  

The significance of operational risk mitigation and safety. In an operational safety context, the 

developed predictive frameworks in this study are able to describe the very non-linear and 

abrupt decrease in capacity often observed, referred to as "knee-points". Defensive thermal 

management and controlled shutdowns can be implemented before they even happen, by 

communicating to the grid operators or fleet managers the drop in degradation frequencies 

at those moments. This directly reduces serious industrial safety risks such as internal shorts, 

catastrophic collapse of cells, and localized thermal runaway incidents. 

 

5.6.3 Commercial Asset Lifecycle Management  

Accurate health forecasting helps EV manufacturers, fleet operators, and Battery-as-a-Service 

(BaaS) providers build dependable, adaptive asset depreciation models and create optimal 

warranty policies. Industrially, a path to an interpretable and verifiable SOH can be found via 

SHAP values, and this criterion can be evaluated automatically and in a standardized manner 

to assess a cell's viability for second-life applications, such as converting degraded EV battery 

packs into secondary stationary renewable energy storage systems. 
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5.7 Research Limitations and Technical Constraints 

Although the proposed predictive framework had high performance, several outstanding 

limitations should be noted. 

 

Data Domain disparities: The first constraint is that the fundamental data type is an open 

and laboratory-generated dataset (NASA, Stanford). The profiles are obtained under highly 

idealized, controlled environmental conditions and under controlled cycling conditions that 

do not necessarily reflect the stochastic, chaotic load profiles, micro-cycles, and intense 

thermal fluctuations that can be measured under "real" industrial load conditions. 

 

Architectural Bottlenecks: Secondly, it was determined that there is a significant 

architectural bottleneck in the sequential deep learning domain, such as LSTM networks, 

which need large amounts of computational infrastructure and long training periods. This 

directly constrains their immediate use in online learning or direct use in low-power 

embedded hardware with limited resources. 

 

Explainability Constraints: Finally, while SHAP values added much to the transparency of the 

model, post-hoc explainable AI techniques always give a linearized and simplified version of 

the effects of the features, which may not capture the high-dimensional and deeply nested 

multi-factor interactions that often happen in deep neural layers. 

5.8 Recommendations for Future Work 

The above limitations can be translated into strategic avenues for future research: 

Future improvements: The goal is to validate the data-driven models using a large, real-world 

dataset directly from operating EV fleets and grid storage stations for cross-environment 

validation. 

 

Physics-Informed Machine Learning (PINN): Integrating Physics-Informed Neural Networks 

into subsequent work to overcome the oversimplification of empirical interactions. By 
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combining empirical data with rigid thermodynamic equations (Arrhenius behavior, 

Nernstian voltage model, etc.), the internal microstructural aging dynamics (such as growth 

of the Solid Electrolyte Interphase (SEI) layer and loss of active material) will be explicitly 

bound by electrochemistry. 

 

Lightweight Sequential Architectures: Deep learning is expensive, so future investigations 

should feature lightweight sequential models (such as Gated Recurrent Units [GRU] or pruned 

quantized transformers) optimized for embedded use. 

 

Adaptability in Transfer Learning: Finally, but importantly, there is the need for research in 

transfer learning methods for adapting an existing model, which has been trained on a 

particular chemistry (such as NMC), to new generations of battery chemistries (such as LFP 

or sodium-ion) with minimal fine-tuning data. 

5.9 Concluding Synthesis 

In summary, this thesis has been able to create, analyze, and interpret an entire data-based 

framework for predicting Lithium-Ion battery degradation through supervised machine 

learning algorithms. The study involved a profound analysis of the differences between tree 

ensemble methods (XGBoost, Random Forest) and sequential deep learning (LSTM) and 

established distinct limits for the efficiency of the algorithm versus the precision of the time. 

However, the most important contribution of this work is the introduction of the SHAP 

explainability tool that enabled turning ‘black box’ algorithms into a predictable system 

through mathematics. In today’s world, where there is a rush to decarbonization, 

electrification of transport, and building a renewable grid, the importance of developing such 

systems cannot be overstated. Finally, the methodologies and architectural guidelines 

developed in this work will form a key reference point in the development of future, 

intelligent, and very reliable battery management technologies. 
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Appendix: Python Implementation of ML Models for SOH Prediction 
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