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Abstract: Managing the capacity of lithium-ion batteries (LiBs) accurately, particularly in large-scale
applications, enhances the cost-effectiveness of energy storage systems. Less frequent replacement
or maintenance of LiBs results in cost savings in the long term. Therefore, in this study, AdaBoost,
gradient boosting, XGBoost, LightGBM, CatBoost, and ensemble learning models were employed to
predict the discharge capacity of LiBs. The prediction performances of each model were compared
based on mean absolute error (MAE), mean squared error (MSE), and R-squared values. The research
findings reveal that the LightGBM model exhibited the lowest MAE (0.103) and MSE (0.019) values
and the highest R-squared (0.887) value, thus demonstrating the strongest correlation in predictions.
Gradient boosting and XGBoost models showed similar performance levels but ranked just below
LightGBM. The competitive performance of the ensemble model indicates that combining multiple
models could lead to an overall performance improvement. Furthermore, the study incorporates
an analysis of key features affecting model predictions using SHAP (Shapley additive explanations)
values within the framework of explainable artificial intelligence (XAI). This analysis evaluates the
impact of features such as temperature, cycle index, voltage, and current on predictions, revealing
a significant effect of temperature on discharge capacity. The results of this study emphasize the
potential of machine learning models in LiB management within the XAI framework and demonstrate
how these technologies could play a strategic role in optimizing energy storage systems.

Keywords: Li-ion; BMS; SoH estimation; ensemble learning; explainable AI; SHAP

1. Introduction

Li-ion batteries (LiBs) are crucial energy sources for electric vehicles (EVs), offering
advantages such as high energy density, lightweight, low self-discharge rates, fast charging
capabilities, and minimal maintenance requirements. These qualities have established
LiBs as the preferred power option for EVs across various applications. The shift toward
electrification has further underscored LiBs’ appeal as environmentally friendly alternatives,
emitting fewer greenhouse gases than traditional fossil fuel vehicles and reducing overall
carbon footprints [1].

Despite their widespread use and benefits, LiBs face challenges related to gradual
performance decline due to chemical and physical factors. This necessitates the develop-
ment of efficient battery management systems to address high costs and limited repair
opportunities. Accurately predicting battery health indicators is crucial for effectively
managing performance and ensuring long-term reliability [2].
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The state of health (SoH) metric is pivotal in evaluating LiB performance, serving as a
crucial parameter for various applications, including portable electronics, EVs, and grid-
scale energy storage. SoH reflects a battery’s current condition and capacity relative to its
original state, guiding predictions of remaining useful life and overall performance [3–6]. It
encompasses critical aspects such as capacity degradation, internal resistance changes, cycle
life, and safety considerations, playing a pivotal role in enhancing safety, sustainability,
and cost-effectiveness across industries [7–9].

SoH evaluation is essential for maintaining range predictability, charging efficiency,
and overall vehicle performance. For grid-scale applications like renewable energy integra-
tion and peak shaving, understanding battery SoH maximizes energy utilization, optimizes
investments, and mitigates operational risks [10].

Advancements in SoH assessment methodologies, including machine learning al-
gorithms and diagnostic technologies, are driving the development of more intelligent
battery management systems capable of real-time monitoring, predictive maintenance, and
adaptive control strategies. This proactive approach not only prolongs battery lifespan but
also promotes sustainable practices by minimizing premature replacements and optimizing
resource utilization and recycling efforts [11,12]. Namely, various advanced techniques are
available for predicting the performance of lithium-ion batteries, including molecular dy-
namics simulations and density functional theory (DFT). Molecular dynamics simulations
provide insights into the atomic and molecular interactions within the battery, helping
us to understand the behavior of materials under different conditions. DFT, on the other
hand, allows for the calculation of electronic properties and can predict how changes at the
atomic level impact overall battery performance. These techniques, along with others such
as machine learning models and electrochemical modeling, offer comprehensive tools for
researchers to explore and enhance battery materials and design. By leveraging these meth-
ods, significant advancements can be made in optimizing battery performance, lifespan,
and safety, contributing to the development of more efficient and reliable energy storage
systems [13,14]. The significance of SoH in Li-ion batteries extends beyond performance
metrics, representing a strategic imperative for innovation, sustainability, and reliability in
energy storage technologies.

The implementation of explainable artificial intelligence (XAI) techniques in lithium-
ion batteries is crucial as it enhances the transparency and interpretability of predictive
models, allowing for better understanding and management of battery performance and
health. The main novelty of this work is the integration of XAI techniques as an alternative
to traditional methods used in SoH assessment of LiBs. Current battery management
systems are still inadequate for detecting degradation and aging processes affecting battery
performance promptly. The proposed XAI-based approach describes machine learning
and artificial intelligence models that work like a closed box to predict battery health
indicators more accurately. Thus, the features affecting the models have the potential
to maximize lifetime and minimize maintenance costs. In addition, this method aims
to reduce environmental impact and make resource use more sustainable by optimizing
battery replacement times. Therefore, within the scope of the study, a strategic innovation
is presented in terms of sustainability and reliability in the field of battery technologies,
especially with the use of XAI.

Remaining useful life (RUL) and SoH metrics act as key determinants of battery perfor-
mance, durability, and reliability across a broad spectrum of applications. Understanding
the interplay between LiBs, RUL, and SoH is essential for optimizing energy storage sys-
tems, enhancing operational efficiency, and ensuring sustainable practices in the evolving
battery technology landscape. To make it happen, explainable artificial intelligence is
utilized to estimate the SoH of a Li-ion battery; as far as we know, this paper is the first time
to tackle such an estimation method. The integration of explainable artificial intelligence
(XAI) techniques has emerged as a critical aspect in assessing RUL and SoH metrics for
Li-ion in various applications. As industries increasingly rely on complex systems and
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data-driven approaches, the need for transparent and interpretable AI models to predict
RUL and monitor SoH has become paramount [15].

In our study, we applied various machine learning techniques, including principal
component analysis (PCA), linear regression, ridge regression, k-nearest neighbors (k-
NN), random forest, polynomial regression, and gradient boosting, to predict the SoH
of Li-ion batteries. We compared the performance of these models in terms of accuracy,
computational efficiency, and interpretability. Specifically, we focused on the explainability
of each model by using techniques such as SHAP (Shapley additive explanations) values,
which provide insights into the contribution of each feature to the model’s predictions. Our
results demonstrate that while complex models like random forest and gradient boosting
offer higher accuracy, simpler models such as linear regression and k-NN, combined
with explainable AI techniques, provide a more transparent understanding of the factors
influencing battery degradation. Also, we believe that these models are not only applicable
to Li-ion batteries but also Na-ion batteries [13,14,16,17]. This study focuses on predicting
the discharge capacity of lithium-ion batteries, integrating machine learning (ML) and XAI
techniques in this domain. In the second section, the materials and methodology used are
explained in detail, while in the third section, experimental results and findings obtained
from SHAP (Shapley additive explanations) analyses are presented. The fourth section
discusses the obtained results, and in the fifth and final section, the study’s conclusions are
summarized, along with future trends and recommendations.

2. Materials and Methods

The structure of the study, the dataset used, and the machine learning and artificial
intelligence methods employed are presented in this section. To ensure the study’s repro-
ducibility and enhance the methodology’s transparency, each method and the parameters
used are detailed extensively. Scientific justifications for the selection of each material
and method were thoroughly discussed. A flowchart illustrating, step-by-step, how a
model was developed using machine learning algorithms such as adaptive boosting (Ad-
aBoost), gradient boosting, extreme gradient boosting (XGBoost), light gradient boosting
machine (LightGBM), and category boosting (CatBoost) employed in the study is provided
in Figure 1.
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The flowchart depicted in Figure 1 gives more details about the training and test pro-
cedures of the presented work. This flowchart clearly illustrates the operations performed
at each step of the model development process, ensuring transparency and repeatability.
The training and test datasets were applied to the models after the necessary preprocessing
steps were applied to the raw data. In the final step, the model was evaluated.

2.1. Dataset Definition

The dataset used in this study consists of 45,699 records containing the characteristics
of battery discharge cycles. The dataset was divided into 80% for training and 20% for
testing. A total of 38,845 data points were used for training, while 6854 data points
were used for testing. Features such as “Temperature”, “Current (A)”, “Voltage (V)”,
“Cycle Index”, and “Discharge Capacity (Ah)” were necessary to describe the electrical
performance of batteries included in the dataset. The dataset used in the study was obtained
from a comprehensive database containing the characteristics of battery discharge cycles.
Various parameters measured during the battery discharge process were recorded in each
cycle [2].

This study includes LIB samples tested for 750 cycles. All the charge/discharge
tests were conducted within the voltage range of 3.0 to 4.4 V, using various C-rates and
temperatures. Each test condition involved 8 cells, totaling 192 cells (Table 1). For each
condition, the 8 cells were subjected to four different temperatures (10, 25, 45, and 60), three
different discharge C-rates (0.7 C, 1 C, and 2 C), and two different charge cut-off C-rates
(C/5 and C/40) using the constant current constant voltage (CCCV) protocol. All the tests
were sourced from open-access data provided by Michael Pecht at the Center for Advanced
Life Cycle Engineering (CALCE), University of Maryland. The experiments were conducted
using LiCoO2 (cathode)–graphite (anode) cells [18]. The charge and discharge datasets
obtained from these tests were subsequently used to train machine learning models. The
first 300 cycles in the dataset were used for training in the preprocessing step. In this regard,
450 cycles between 301 and 750 were removed from the training and test datasets. The
dataset underwent various preprocessing steps to make it more suitable for direct use.
Among these processes, handling missing data was performed, and it was observed that
there were no missing values in the dataset. Detection and correction of outliers were
ensured. This process was carried out to provide a balanced approach during the training
and evaluation stages of the model. The first 300 cycles of the dataset were used for training
and test purposes.

Table 1. Test procedures applied to cells [18].

Discharge C-Rate
Ambient Temperature (◦C)

Discharge Cut-Off C-Rate
10 25 45 60

0.7 C
Test No.1 Test No.7 Test No.13 Test No.19 C/5
Test No.2 Test No.8 Test No.14 Test No.20 C/40

1 C
Test No.3 Test No.9 Test No.15 Test No.21 C/5
Test No.4 Test No.10 Test No.16 Test No.22 C/40

2 C
Test No.5 Test No.11 Test No.17 Test No.23 C/5
Test No.6 Test No.12 Test No.18 Test No.24 C/40

2.2. Model Selection

This study evaluated and compared machine learning algorithms such as AdaBoost,
gradient boosting, XGBoost, LightGBM, and CatBoost for model training. The selection of
these algorithms was based on their unique characteristics and advantages. Each algorithm
has its strengths and weaknesses depending on the dataset’s features and desired outcomes.
Comparing and evaluating these algorithms is essential for determining the most suitable
one for a specific dataset. Ensemble methods like AdaBoost, gradient boosting, XGBoost,
LightGBM, and CatBoost were among these algorithms. Each algorithm underwent training
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on the dataset’s training subset and was then evaluated for performance on the test subset.
Additionally, a general overview of SHAP, one of the XAI methods, was introduced to
provide and interpret the data of the results and the LightGBM model.

AdaBoost, gradient boosting, XGBoost, LightGBM, and CatBoost are boosted tree-
based algorithms widely used in machine learning [19]. AdaBoost improves performance
by creating a series of weak classifiers that correct classification errors. AdaBoost is mainly
known for its sensitivity to noisy data and outliers. However, while it performs well on
small and relatively simple datasets, the risk of overfitting increases on complex data
structures [20].

Gradient boosting builds a model based on error correction by optimizing consecutive
weak learners. Each new tree is constructed to reduce the errors of the previous one.
Gradient boosting provides an advantage with its high degree of customizability. However,
optimizing model-tuning parameters can be a time-consuming process [19]. XGBoost is
designed to enhance the gradient boosting method in terms of scalability and speed. It
stands out for its fast operation on large datasets and regularization features that enhance
the model’s performance. XGBoost can handle missing data and provides built-in support
for cross-validation [21].

LightGBM is an algorithm capable of processing large datasets and consuming less
memory. As the dataset’s size and number of features increase, the advantages of LightGBM
become more apparent. It utilizes a leaf-wise algorithm that grows datasets in a leaf-wise
manner. This leaf-wise structure enables the model to learn faster [19]. CatBoost has
explicitly been optimized to process categorical variables. This algorithm may automatically
convert categorical features, thus reducing the need for feature engineering. CatBoost
generally possesses a robust structure designed to reduce the risk of overfitting. However,
iterative parameter tuning may still be required for optimal performance [22].

Our dataset’s large scale and diverse features significantly influenced the selection
of these algorithms. Each algorithm was evaluated based on its capacity to adapt to the
complexity and size of the dataset. The ability of XGBoost and LightGBM algorithms to
effectively handle large datasets and CatBoost’s capability to process categorical data are
reasons they were specifically preferred for the dataset. The SHAP method was employed
to enhance the interpretability and transparency of the model [23]. SHAP allows us to
understand which features influence model predictions and to what extent. Especially in
critical applications like predicting the lifecycle of LiBs, it strengthens decision-making
processes and guides how the model may be improved. Therefore, the integration of
boosted tree-based algorithms and the SHAP method used in this study enhances the
model’s performance and adds significant scientific value by elucidating the dynamics
underlying model decisions.

3. Experimental Results

Performance evaluations of the examined algorithms, comparative analyses, and the
prediction success of each model on SoH of LiBs are developed and discussed in this
section under different subsections. Additionally, the effects of the SHAP method on
understanding model predictions and determining the decisions are then evaluated.

3.1. Model Evaluation Metrics

The performance of the models was evaluated using standard regression metrics such
as MSE (mean squared error), MAE (mean absolute error), and R2 (R-squared). These
metrics measure how well the models’ predictions agree with actual values and how well
the models generalized the task with high accuracy [24].

MSE values measure how far each model’s predictions are from the actual values. A
lower MSE indicates better model performance.

MSE =
1
N ∑N

i

(
Yi − Ypredict(i)

)2
(1)
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R2 (R-squared): R2 values measure how much the model explains the variance of the
dependent variable and of the independent variables. An R2 value approaching 1 indicates
that the model explains most of the dataset and provides a good fit.

R2 = 1 −
∑N

i

(
Ypredict(i) − Yi

)2

∑N
i (Yi − Ymean)

2 (2)

MAE values measure how far each model’s predictions are from actual values. A
lower MAE indicates better model performance:

MAE =
1
N

N

∑
i=1

∣∣Yi − Ypredict
∣∣ (3)

3.2. Model Training

Five learning algorithms were used for model training: AdaBoost, gradient boosting,
XGBoost, LightGBM, and CatBoost. These algorithms aim to create a robust model by
combining multiple weak learners using ensemble learning methods [25]. These methods
involve combining predictions from multiple individual models created using different
algorithms or configurations of the same algorithm to create a more robust model [26].
Ensemble learning improves prediction performance by balancing the weaknesses of a
single model. This approach significantly enhances the accuracy of model predictions
by leveraging the strengths of multiple models and compensating for their weaknesses.
However, the effectiveness of this method may vary, and evaluating their performance on
specific datasets is crucial to determine their suitability for a particular task. The dataset
used in this study and the importance of ensemble learning modeling enable us to achieve
prediction accuracy and reliability, especially in predicting SoH of LiBs, which individual
models may not achieve alone. This contributes to the model providing more effective and
reliable results in real-world applications. The hyperparameters of the models used in the
study are detailed in Table 2.

Table 2. Hyperparameters of models.

Models Hyperparameters

AdaBoost
n_estimators = 100
learning_rate = 0.2

loss = “linear”

Gradient boosting

n_estimators = 100
learning_rate = 0.1

max_depth = 3
min_samples_split = 2
min_samples_leaf = 1

XGBoost

n_estimators = 100
learning_rate = 0.1

max_depth = 3
subsample = 0.8

colsample_bytree = 0.8
gamma = 0

min_child_weight = 1

LightGBM n_estimators = 100
random_state = 42

CatBoost
n_estimators = 100
random_state = 42

verbose = 0
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The model hyperparameters in Table 2 were determined for AdaBoost, gradient
boosting, XGBoost, LightGBM, and CatBoost models. For each model, the number of
iterations (“n_estimators”) was set to 100, while the learning rates and other specific
parameters were chosen to optimize the model’s fit to the data and the speed of the learning
process. In particular, the “loss” function was set to “linear” in AdaBoost, branching criteria
in gradient boosting, sampling and splitting criteria in XGBoost, and “random_state”
settings in LightGBM and CatBoost to ensure repeatability. These parameters play a
decisive role in model performance by determining how much deep learning the models
will perform on the data during training and their adaptation speed. Lastly, the CatBoost
model was configured with a “random_state” to 42, and a “verbose” level to 0. These
hyperparameters directly affect how deeply each model will learn during the training
process, how quickly it will adapt, and how well it will fit the data, thus playing a decisive
role in the overall performance of the model.

3.3. Model Comparisons Results

Performance metrics obtained when various boosting ensemble learning methods
(AdaBoost, gradient boosting, XGBoost, LightGBM, CatBoost) applied to our dataset are
shown in Table 3. Each metric is used to measure the accuracy of the model’s predictions.

Table 3. Model comparisons results.

Models MAE MSE R-Squared

AdaBoost 0.134 0.041 0.763
Gradient boosting 0.108 0.023 0.864

XGBoost 0.110 0.023 0.864
LightGBM 0.103 0.019 0.887
CatBoost 0.104 0.020 0.881

Table 3 displays the performance of six different models in predicting SoH of LiBs.
Among these models, the LightGBM model demonstrated the highest performance with
0.103 MAE, 0.019 MSE, and 0.887 R-squared. Figure 2 provides a comparison of the
predictions of different machine learning models with the actual results.

In Figure 2, the accuracy of predictions made by different machine learning models
on discharge capacities of LiB is visually presented and compared. The graphical repre-
sentation displays the actual discharge capacity values (Ah) on the horizontal axis and
the predicted discharge capacity values (Ah) on the vertical axis. In an ideal scenario, all
points would lie on the dashed black line (y = x) drawn on the graph. As shown from the
graphs in Figure 2, the results of the AdaBoost model exhibit a wide distribution, indicating
low accuracy in its predictions. On the other hand, the LightGBM model demonstrated a
performance closer to the actual data, with most of its predictions being very close to the
actual values. Similarly, CatBoost has also produced forecasts with high accuracy.

LightGBM is a boosting algorithm optimized for performance and efficiency. Inno-
vative approaches such as histogram-based learning and leaf-based tree growth enable
it to work quickly and effectively on large, high-dimensional datasets. These features
make LightGBM an algorithm of choice, especially in large-scale machine learning projects.
While tree growth occurs level-wise in other boosting algorithms (for example, XGBoost),
leaf-wise growth is used in LightGBM. Leaf-wise growth deepens trees, starting with the
leaf with the highest error rate. This way, more complex decision boundaries with better
generalization capacity can be created compared to trees of the same depth.
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3.4. Ensemble Learning Model Results

As part of the study, a voting-based regression model called VotingRegressor was de-
veloped. VotingRegressor combines predictions from different regression models to create
an ensemble model. In this setup, the model comprises predictors from five regression
algorithms: gradient boosting, XGBoost, AdaBoost, LightGBM, and CatBoost.

In the ensemble model, each submodel must be trained beforehand and be capable of
making predictions. VotingRegressor aggregates the outputs from each of these predictors
and generates the final prediction by averaging them [27]. This method may enhance overall
prediction performance by leveraging the strengths of different models and balancing
out the weaknesses of individual models. The ensemble model developed within the
scope of the study demonstrated consistent performance among models, with 0.105 MAE,
0.020 MSE, and 0.884 R-squared. Figure 3 provides a comparison of the prediction results
of the ensemble learning model with the actual results. The graph in Figure 3 illustrates that
many predictions cluster around the line, indicating that the model might make predictions
close to the actual values in most cases. However, there are noticeable deviations at low-
and high-capacity values. It can be said that the model’s accuracy may be lower in these
specific ranges. Additionally, the clustering of predictions around 1.5 Ah and 2.5 Ah
indicates that the model performs better in these value ranges.

Despite the ensemble model yielding good results, the LightGBM model demonstrated
superior performance compared to the ensemble model. Among the reasons for this are
LightGBM’s ability to adapt particularly well to the characteristics of the dataset and its
effectiveness in handling complexities in the dataset more efficiently with its leaf-wise
growth method. On the other hand, in the ensemble model, combining predictions from
different models with a simple average may not always adequately reflect the specificities
and strengths of individual models. Considering these factors, the superior performance of
LightGBM compared to other models highlights the importance of proper data preprocess-
ing and model parameterization.
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Figure 3. The actual and predicted ensemble model.

3.5. Explainability Analysis of AI Models

In this study, the LightGBM model, which exhibited the best performance among the
models developed for predicting LiBs’ discharge capacities, was subjected to explainability
analysis using SHAP [28]. SHAP allows for the quantitative evaluation of the effects
of features contributing to a model’s predictions through Shapley values derived from
game theory. This analysis was conducted to unveil the strongest and weakest impacts
on predictions, thus providing a deeper understanding of how the model operated and
making the dynamics underlying predictions comprehensible. This analysis visually and
understandably presents which features the model assigns more weight to and the effects
of these features on prediction outcomes [29]. In Figure 4, the impact of four main features
used in LiB discharge capacity predictions by the LightGBM model is explained using the
SHAP model. After all the dataset features and predictions are made, the decisions made
by the LightGBM algorithm, which gives the most successful results and performance, are
interpreted with the SHAP technique. When interpreting with the SHAP technique, the
impact ratios of the input feature “Temperature”, “Current (A)”, “Voltage (V)”, and “Cycle
Index”, which are feature names, in determining the output feature “Discharge Capacity”
are evaluated.
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In Figure 4, the “Temperature” and “Current (A)” features are represented by positive
SHAP values, indicating that these features increase the model predictions. Particularly,
“Temperature” has the highest positive impact (+0.17), suggesting that an increase in
temperature significantly enhances the prediction of discharge capacity. “Current (A)” has
a lower positive effect (+0.1) on the predictions. On the other hand, the “Cycle_Index”
and “Voltage(V)” features are represented by negative SHAP values, indicating that these
two features decrease the model predictions. “Cycle_Index” (−0.07) is the most significant
factor reducing model predictions, while the effect of “Voltage (V)” is relatively smaller
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(−0.01). With E[f(X)] value determined as 2.873, adding SHAP values results in the final
model prediction f(X) reaching 3.063. This clearly demonstrates how the total effect of
features contributes to changes in model predictions. Figure 5 provides the graph of average
absolute SHAP values.
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Figure 5. LightGBM model parameters explainability with SHAP model values.

According to the data presented in Figure 5, the “Temperature” feature has the highest
impact on the predictions of “Discharge Capacity (Ah)”, and SHAP values generally range
between −1.5 and 0.5. The SHAP values for the “Current” feature range between −0.5 and
0.3, with most values lying in the positive region. While the SHAP values for the “Voltage”
feature vary between −0.5 and 0.1, the SHAP values for the “Cycle_Index” feature mostly
range between −0.3 and −0.1, predominantly exhibiting negative effects.

Figure 6 depicts the contribution of features step by step for a given forecast sample.
Numerical values are as follows: The feature increases the model output moving to the
right on the axis and decreases it moving to the left. The absolute magnitude of the values
indicates the strength of the feature’s effect. Colors represent high or low values of the
features. Red indicates high values while blue indicates low values.
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As shown in the LightGBM model described in Figures 4 and 6, temperature has
a significant impact on discharge capacity. Low-temperature values reduce discharge
capacity, and higher values positively affect discharge capacity. The LightGBM model
emerges as the best-performing model among the five models, with the lowest MSE
and MAE and the highest R-squared value, indicating the strongest correlation between
predictions and actual values. Gradient boosting and XGBoost are at similar performance
levels, ranking just behind LightGBM [30]. The performance of the ensemble model is
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competitive, indicating that combining these models may lead to an overall well-performing
model. SHAP measures how much influence a model has on each instance and the change
this interaction causes. These values indicate the importance levels of the features that
contribute to the model’s predictions. Each value expresses how significant the change in
estimates are due to a particular feature.

Cycle_Index shows the importance of the effect of the cycle index on the predictions.
The cycle index acts as a temporary timestamp throughout a cycle. Generally, it represents
the number of times a cycle is repeated or the amount of time elapsed throughout a cycle. A
high SHAP value indicates that the cycle index plays an important role in the predictions.

Temperature might often be an important factor in a machine learning model in several
applications. For instance, temperature plays a vital role in energy efficiency, chemical
reaction rates, and many other physical processes. A high SHAP value indicates that
temperature significantly impacts the forecast.

Voltage (V) represents the energy level in an electrical system. Voltage is an essential
factor that affects a system’s energy efficiency and performance. A high SHAP value
indicates that voltage is essential to the predictions.

Current (A) presents the energy flow in an electrical unit. The height of the current
indicates how much energy a circuit consumes or produces. A high SHAP value suggests
that the current significantly impacts the predictions. Interpreting these values is essential to
understand which features of the model are most important in the projections. For instance,
features with high SHAP values may be assigned more weight in the model’s predictions,
while features with low values may be less influential. This information might be used to
determine which features need to be worked on to improve the model’s performance.

4. Discussion

Recent research has made significant progress in predicting LiB performance manage-
ment in EVs using ML techniques.

• Chandran [31] and Dineva [32] both demonstrated the effectiveness of ML algorithms,
such as artificial neural networks and ensemble-boosted tree models, in estimating the
state of charge and terminal voltage of LiB, respectively.

• Poh [33] provided a comprehensive review of ML methods for state estimation in
EV applications, highlighting the potential of these techniques in addressing the
challenges of time-varying and nonlinear battery traits.

• Astaneh [34] further advanced the field by presenting a methodology for simulating
the performance of LiB packs in EVs, achieving high accuracy in voltage prediction
and battery pack temperature estimation. These studies collectively underscore the
promising role of ML in enhancing the performance management of LiBs in EVs. In the
survey, boosting worked iteratively, adding a new model at each iteration. The latest
model tries to correct the mistakes of the previous model. This process is accomplished
by stepping along the gradient of the loss function. This is also true for a specific
application such as boost gradients, but, in general, the boosting technique does not
include regularization terms that control the complexity of the model and is generally
aimed at reducing the model’s errors.

In addition, various studies aiming to predict the state of LiBs using different method-
ologies were summarized. In a study in [31], the methodology involved using six machine
learning algorithms (ANN, SVM, LR, GPR, EBa, EBo) to estimate LiBs’ state of charge in
EVs, with a comparison of their performance indices. Participants received interventions
related to studying battery charging and discharging characteristics in ML models, such
as analyzing the signal’s energy, temperature variations, voltage curves, and specific char-
acteristics of battery behavior. The performance of six ML algorithms and MSE, RMSE,
and MAE metrics were used. ANN and GPR were the best methods for state-of-charge
estimation, outperforming other machine learning algorithms, with an 85% MAE. These
models accurately predicted the battery state of charge, assisting in battery selection for
specific applications.
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In the studies:

• The methodology involved conducting WLTP discharge tests on an NMC cell and us-
ing historical data to build boosted tree models for voltage prediction. Measurements
of WLTP discharge tests were taken at different temperatures on an NMC cell, along
with terminal voltage, discharge rate, and temperatures at four points in [32], and
prediction of cell voltage as outcome sequences into the future (battery SoC prediction).
The study conducted WLTP discharge tests on an NMC cell and found that a direct
multistep-ahead forecasting strategy with standard machine learning techniques is
efficient and applicable in battery SoC prediction.

• The methodology involved proposing a multioutput convolved Gaussian-process
(MCGP) model for capacity estimation of LiB cells in EVs and validating it with
experimental data from specific battery cells. Capacity estimation of LiB cells, SoC
estimation accuracy, and a battery cell’s remaining useful life (RUL) was conducted
in [35]. The study introduced a multioutput convolved Gaussian-process (MCGP)
model for accurately estimating the capacity of LiB cells in EVs. The proposed model
can improve the accuracy of SoC estimation and serve as a precise tool for predicting
the RUL of a battery cell.

• A battery aging and temperature-aware predictive energy management strategy for
parallel hybrid electric vehicles was used to model predictive control (MPC) and
optimize with Pontryagin’s minimization principle (PMP) [36]. These are battery
aging and temperature-aware predictive energy management strategies for parallel
hybrid electric vehicles. The study developed a battery aging and temperature-aware
predictive energy management strategy, with the PMP method superior to dynamic
programming, and showed that a battery temperature-aware strategy can reduce total
energy consumption.

• Artificial intelligence techniques for battery SoC estimation, utilizing the Panasonic
18650PF dataset, conducting preprocessing and feature extraction, and evaluating
model performance with various metrics were given in [31]. The participants did not
receive any interventions as this study was focused on the application of artificial
intelligence techniques for estimating battery state of charge (SoC) in LiBs.

• Estimation of battery state of charge (SoC) using artificial intelligence techniques is
a focus for the ANN model’s performance (R2 value of 0.9925). The ANN model
outperformed other AI techniques in estimating battery state of charge (SoC) with
a high R2 value of 0.9925, showcasing its ability to capture underlying patterns for
precise estimates.

Many studies have focused on improving prediction accuracy on LiB capacities; how-
ever, examples of the use of XAI methodologies in this field are rarely encountered. There-
fore, the current study conducted using SHAP contributes significantly to the literature.
SHAP values are utilized to understand which features, and to what extent, influence
a model’s predictions. Particularly, variables affecting the performance of lithium-ion
batteries and their contributions to predictions have been analyzed in detail. The present
study enabled a better understanding of the models used to predict the state and capacity
of LiBs, thereby increasing the reliability of these predictions.

The findings discussed in our experimental results chapter are compared with ex-
isting machine learning methodologies used in the prediction of the state and capacity
of LiBs. This study makes a significant contribution in providing strategic insights for
the optimization and development of battery management systems, particularly through
the use of SHAP-based XAI methodologies. Our findings show that SHAP values play
a critical role in understanding which features influence model predictions and to what
extent. This approach extends its applications by deepening the body of knowledge in
battery technologies. In particular, the ability of ANN and GPR models to predict SoC
with higher accuracy than other machine learning algorithms highlights the capacity of
these techniques to capture battery behavior. As a result, this study improves the relia-
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bility of models used to predict the performance of LiBs and enables the development of
management systems that can make battery use more efficient.

Additionally, through this approach, strategic information might be provided for the
optimization and development of battery management systems, allowing for more efficient
battery usage. Therefore, the SHAP-based XAI study deepens the knowledge of battery
technologies and expands their applications.

5. Conclusions and Future Trends

This study specifically evaluated the performance of various machine learning models
in predicting the discharge capacity of LiBs by focusing on AdaBoost, gradient boosting,
XGBoost, LightGBM, CatBoost, and an ensemble learning model. The findings demon-
strated that LightGBM outperformed other models with the lowest MAE and MSE values
and the highest R-squared value, indicating a strong correlation between predicted and
actual values. Both gradient boosting and XGBoost exhibited similar performance levels
but slightly lagged behind LightGBM.

The ensemble learning model showcased competitive performance by emphasizing
the effectiveness of combining multiple models to obtain a robust prediction framework.
The utilization of SHAP values for explaining the most successful model, LightGBM,
highlighted the significance of various features such as temperature, cycle index, voltage,
and current in influencing predictions. Particularly, temperature emerged as a critical
determinant. XAI analyses conducted revealed that high temperatures negatively affect
discharge capacity, aligning with physical expectations regarding battery performance.

The results of this study demonstrate that machine learning models are theoretically
effective for predicting the condition and capacity of LiBs. However, the applicability of
these models in real-world scenarios involves practical challenges beyond the adequacy
of the algorithm, such as model complexity, computational requirements, and real-time
data processing capacity, which may limit the integration of the model into industrial
applications. In battery management systems for electric vehicles, machine learning mod-
els can optimize battery life and maximize range by feeding in real-time data such as
traffic conditions, driving style, and weather. In smart grids that incorporate renewable
energy, these models predict energy demand, improving energy efficiency and reducing
operational costs. In factories, machine learning models can predict failures by determin-
ing maintenance schedules for battery-powered equipment. Such real-time applications
demonstrate the practical value of the model and its effective integration into industrial
applications. Implementing more sophisticated BMS algorithms that incorporate machine
learning and AI will better monitor and manage battery health, ensuring optimal charging
and discharging cycles to prolong battery life.

Future studies may explore more complex ensemble methods integrating newer or
more diverse machine learning models to further enhance prediction accuracy. Integrating
these models into real-time monitoring systems for electric vehicles could provide dynamic
predictions adaptable to changing conditions, thus optimizing battery usage and extend-
ing battery life. A deeper analysis regarding additional features that may affect battery
performance, such as environmental factors or material degradation, will provide more
comprehensive insights. Extending prediction-based models to other battery and storage
technologies could broaden their applicability and impact across different energy systems.

Continued focus on XAI models, particularly in sensitive applications like electric
vehicles where understanding model predictions may significantly influence design and
operational decisions, will be crucial. As machine learning models become more preva-
lent in critical applications, developing standards and regulatory frameworks to ensure
their reliability and security will become imperative. The inclusion of XAI not only en-
sures transparency but also provides actionable insights that can shape the future of
battery technology development. As demand for sustainable energy solutions continues to
rise, developing more robust prediction models and explaining them with XAI methods
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will be crucial in elucidating the physical properties of LiBs and the relationship among
prediction algorithms.

Once Li-ion batteries reach the end of their life due to performance decline, it is
essential to address their disposal and recycling responsibly. Additionally, refurbishing
spent batteries for secondary use in less demanding applications can extend their lifecycle
and contribute to a circular economy. Developing efficient and sustainable processes for
handling end-of-life lithium-ion batteries is crucial for minimizing environmental impact
and supporting the growing demand for battery materials in an eco-friendly manner.
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E.B.; Supervision, S.O., Ş.S. and E.B.; Project administration, S.O.; Funding acquisition, Ş.S. and A.A.
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