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Abstract

Lithium-ion (Li-ion) batteries are highly valued for their ability to extend battery
lifespan and enhance power energy density due to their chemical properties. The bat-
tery State of Charge (SOC) is a crucial parameter for monitoring battery health and
estimating its lifespan, indicating how much longer the battery can be used and when
it needs to be charged. Therefore, accurate SOC predictions are essential to prevent
overcharging or over-discharging, and can be determined using conventional methods
or data-driven approaches. In this report, we present a novel approach for SOC es-
timation of Li-ion batteries using optimized machine learning-based SOC estimation
in both charging and discharging modes. The models are trained, tested, and opti-
mized using a prognostic Li-ion battery dataset provided by the National Aeronautics
and Space Administration (NASA) with five main inputs: load voltage, load current,
measured voltage, measured current, and primarily battery temperature, the report
is key for preferring data-driven approaches over conventional methods. Initially, nine
different methods were evaluated: LASSO, K-Neighbor Regressor, CAT Boost Re-
gressor, Extra Tree Regressor, Random Forest Regressor, XGB Regressor, Decision
Tree Regressor, and Gradient Boosting Regressor, These methods were assessed in
terms of their accuracy and the evaluation metrics R2, MAE, RMSE, with Four ap-
proaches showing promising results according to state-of-the-art applications namely:
Extra Tree, XGB,DTR and Gradient Boot Regressors. Moreover, the novelty of this
report involves hyperparameter tuning, including learning rate, maximum tree depth,
number of trees and more, to find the optimal parameters for the three best models.
Thus, GridSearchCV optimization method demonstrated significant improvement in
terms of model evaluation metrics. Finally, the best approach (Extartree regressor)
for charging and discharging was deployed onto an ESP32 microcontroller with an
OLED interconnected with current, voltage, and temperature sensors for real-time
battery SOC display and monitoring.
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Introduction

Lithium-ion (Li-ion) batteries are rechargeable power sources in a wide range of
modern devices which they stand out with their lightweight and compact design and
offer the highest energy density on the market. Their ability to extend battery lifes-
pan and enhance power energy density due to their chemical properties have made
them the most popular and the predominant commercial rechargeable battery chem-
istry used today. This has led to their widespread use in mobile computing devices
such as smartphones and smartwatches, as well as in automotive systems like hybrid
and electric vehicles.

However, lithium batteries are prone to damage from extreme temperatures, over-
charging or over-discharging. these conditions can significantly reduce battery lifespan
and increase the risk of safety hazards. To ensuring battery safe usage, maximizing
performance, extending battery life, improve user experience and accomplish effective
energy management, an essential parameter in the energy storage devices called State
of Charge (SOC) should be accurately monitored and maintained [1]. SOC indicates
how much longer the battery can be used and when it needs to be charged.

There has always a significant concern to develop an efficient and reliable meth-
ods/algorithms to accurately estimate the State of Charge of Li-ion batteries. SOC
estimation is a challenging task; it’s a non-linear function of temperature and current
and voltage. Several SOC estimation approaches have been proposed, each with its
own set of issues and challenges such as non-linear behavior, aging, dynamic usage
conditions and mainly temperature effects [2]. For this report, five approaches was
presented: conventional, adaptive filter algorithm, data-driven (learning algorithm),
nonlinear observer and others.

Data-driven techniques which involve machine learning (ML) or deep Learning
(DL) for SOC estimation offer significant advantages over conventional and statisti-
cal methods for SOC estimation as they excel in handling complexity, adapting to
various conditions, input-output flexibility, improving accuracy with large datasets,
and providing robust, scalable and real-time performance [3]. These benefits make
ML approaches particularly suitable for modern and data-rich applications in SOC
prediction. Although DL-based SOC estimation offers significant advantages over
ML-based approaches in terms of handling complex nonlinear relationships and au-

ix
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tomatic feature extraction [4], the deployment can be more challenging, requiring
more computational resources and infrastructure for ongoing model maintenance and
updates, especially for real-time systems [5–7]. Therefore, ML-based approaches can
address this issue by offering distinct advantages in terms of simplicity, interpretabil-
ity, computational efficiency, and ease of use and deployment onto real-time systems
[7–9]. Furthermore, optimizing machine learning models for SOC estimation leads to
better performance, safety, and user experience while enhancing the overall efficiency
and lifespan of battery-powered systems [10, 11]. As battery technology continues to
evolve, the need for precise and reliable SOC estimation becomes even more critical
[12], making optimization an essential aspect of battery management by selecting the
right features, tuning hyperparameters, choosing appropriate algorithms, etc. These
strategies enhance the model’s performance, robustness, and generalization ability,
making it better suited for practical applications, mainly battery SOC estimation.

In this report, we present a novel approach for SOC estimation of 2000∼1400-mAh
Li-ion batteries using optimized machine learning in both charging and discharging
modes. The models were trained, tested and optimized using prognostic Li-ion bat-
tery dataset provided by the National Aeronautics and Space Administration (NASA)
[13], with five main inputs: load voltage, load current, battery voltage (or measured
voltage), battery current (measured current) and primarily battery temperature, the
latter being key for preferring data-driven approaches over conventional methods.
Initially, nine different ML-based methods were evaluated: Linear Regression (LR),
Least Absolute Shrinkage and Selection Operator (LASSO), K-Nearest Neighbor Re-
gressor (KNNR), Categorical Boosting Regressor (CatBoostR), Extra Trees Regres-
sor (ETR), Random Forest Regressor (RFR), Extreme Gradient Boosting Regressor
(XGBR), Decision Tree Regressor (DTR), and Gradient Boosting Regressor (GBR).
These methods were assessed in terms of their accuracy and the evaluation metrics R-
squared (R2), Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE).
Among these, Four approaches showed promising results according to state-of-the-art
applications: ETR,XGBR,DTR and GBR. The novelty of this report involves hyper-
parameter tuning, including learning rate, maximum tree depth, number of trees and
more, to find the optimal parameters for the three best models. The Grid-Search
Cross-Validation (GridSearchCV) optimization method demonstrated significant im-
provement in terms of model evaluation metrics. Additionally, the nine ML models
were retrained and reevaluated with the same dataset but without temperature input,
resulting in less accurate results, as demonstrated in the results chapter of this report,
proving the advantage of ML-based methods over conventional methods. Finally, the
best approach for charging and discharging (Extra tree regressor) was deployed onto
an ESP32 OLED V3.0 microcontroller interfaced with current, voltage, and temper-
ature sensors for real-time battery SOC display and monitoring. To address all these
issues effectively, this report is organized as follows: Chapter 1 delves into the theo-
retical background required to understand the presented methodology and interpret
the results, As well as reviews related works on state-of-charge estimation, detailing
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their features, structures and drawbacks. Chapter 2 outlines the workflow, method-
ology, system configurations, data preparation and processing, and detailed models.
Finally, Chapter 3 discusses the results.



Chapter 1

Theoretical Background

1
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Introduction

In the realm of energy storage, understanding the State of Charge (SOC) of
lithium-ion batteries is essential for their efficient utilization and management. SOC
represents the amount of energy remaining in a battery, crucial for determining its
performance and lifespan. Accurate SOC estimation helps prevent problems like over-
charging or completely draining the battery, both of which can shorten its lifespan.

To set the stage for the subsequent exploration and implementation, this chap-
ter provides the theoretical background needed to understand the SOC and the vast
methods used to estimate it. We will start by explaining what SOC is and then ex-
plore the different approaches for SOC estimation before expand on the conventional
methods, such as Open Circuit Voltage (OCV) and Electrochemical Impedance Spec-
troscopy (EIS). Due to the lack real-time accuracy for the traditional methods, we
will delve into the realm of machine learning for real-time SOC estimation and intro-
duce the basics of machine learning, discussing different types of learning and various
algorithms, and how to evaluate our models. Finally, we will cover the basics of opti-
mization, focusing on how we can fine-tune machine learning models to get the best
performance.

1.1 SOC Background

1.1.1 State of charge (SOC)

SOC estimation is a challenging task; it’s a non-linear function of temperature,
current and voltage. There has always been a big concern to estimate the SOC
for all energy storage devices. SOC estimation with high accuracy not only gives
us information about remaining useful energy, but also it evaluates the reliability
of batteries. In addition, an accurate and efficient SOC estimation gives an idea
about charging/discharging strategies, which have a significant impact on battery
application where each cell may have different capacities due to aging, temperature,
self-discharge and manufacture difference.

Several methods to estimate SOC have been introduced since the 1980s, however,
a proper definition has yet to explain as the understanding of SOC needs further
analytical tasks, such as prediction of remaining useful life and estimation of capacity.
The most classical method to estimate SOC is current integration, which expresses
the ratio of the available current capacity to the nominal capacity [14] is shown in
Equation 1.1.

SOC = SOCinit −
∫
idt

Cn

(1.1)

where SOCinit is the initial State of Charge of the battery which represents the SOC
at the start of the time period being considered, i is the battery current; Cn is the
nominal capacity; t is time. Due to variation in external load and the internal chemical
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reaction of the battery, the nominal capacity decreases gradually over time, which
leads to non-stationary, non-linear battery degradation characteristics. In addition,
large SOC errors may occur due to accumulation in terminal measurements, thus
need to recalibrate the value from time to time [15]. Another way to define SOC
with the effect of coulombic efficiency is expressed in Equation 1.2.

SOC = SOCinit −
∫
i. ηdt

Cn

(1.2)

where η is the coulombic efficiency defined as the ratio of energy require for charging
to the discharging energy needed to regain the original capacity.

1.1.2 SOC estimation methods

Several methods exist for determining the State of Charge (SOC) of batteries
or their Remaining Useful Life (RUL), which can be classified into five categories or
approaches as presented in the paper referenced [16]: empirical (conventional), adap-
tive filter algorithm, data-driven (learning algorithm) using artificial intelligence (AI),
nonlinear observer and others, as shown in Fig 1.1. Selecting the most appropriate
method depends on the specific application requirements and battery characteristics.
The conventional method uses the physical properties of the battery, which includes
voltage, charging/discharging current, resistance, and impedance. The adaptive filter
algorithm uses various models and algorithms to calculate the SOC. The learning al-
gorithm requires a large amount of training data and heavy computation to describe
the nonlinear characteristics of lithium-ion to estimate the SOC. The nonlinear ob-
server is designed to handle with the highly nonlinear system. The other methods
include MARS, BI, IR and hybrid method. MARS, BI, and IR use extended linear
model, two linear interpolations, and linear time invariant system respectively. The
hybrid method combines two or three SOC algorithms to estimate SOC. It takes
the advantage of each method to obtain optimal performance, which improves the
estimation accuracy.

Figure 1.1: Classification of SOC estimation methodologies [16].
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Conventional method

1. Open Circuit Voltage (OCV) method

Since SOC in a lithium-ion battery is connected to embedding quantity
in the active material, an open circuit voltage can be considered to estimate
SOC after the battery gets sufficient resting to reach balance [17]. Usually,
an approximate linear relationship exists between SOC and OCV. However,
the relationship between SOC and OCV is not exactly same for all types of
batteries. The relationship depends on capacity and material of the battery
[18]. For instance, a lead-acid battery has a linear relationship between SOC
and OCV while a lithium-ion battery does not hold that relationship [19].

It is a simple method and has high precision. However, the main drawback
of OCV method is that it takes long rest time to reach equilibrium condition
[20]. The duration of time to reach from operating state to stable state depends
on SOC states, temperature and so on. For instance, at low temperature,
C/LiFePO4 takes more than two hours to reach equilibrium. Furthermore,
careful observations are required to measure the charge and discharge voltage
since batteries have hysteresis characteristics which result in high OCV when
the battery is charged and low OCV when the battery is discharged [21], as
shown in Fig 1.2.

Figure 1.2: OCV/V vs SOC charge and discharge profile of C/LiFePO4 battery tested
under 25 °C, for 3 h [16].
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2. Electromotive Force (EMF) method

The relationship between battery EMF and SOC is widely used for determi-
nation of battery capacity as shown in Fig 1.3. Battery EMF can be measured
as an equivalent to OCV in equilibrium condition when the substantial time has
passed after the current interruption takes place. Several researchers have used
OCV relaxation to observe and predict EMF. OCV relaxation process occurs
when the battery gets charged and discharged with frequent current disruption,
as shown in Fig 1.4. The OCV relaxation may need several hours to reduce the
effect of diffusion overvoltages.

In [22], adaptive methods were developed to model OCV relaxation process
using EMF and exponential functions. The aim is to observe the OCV relax-
ation when the current is interrupted each time. The benefit of this model is its
simplicity to determine parameters; nevertheless, it predicts the relaxation pro-
cess inaccurately. Waag and Sauer [23] proposed an advanced adaptive approach
to compare the online fitting of an OCV relaxation model with the measured
OCV relaxation curve. This model has an equivalent circuit consisting of a
voltage source (represents the EMF) in series with the resistances connected in
parallel and a constant phase element (CPE). EMF is estimated depending on
the fitting model parameters. The new values of the voltage and current of a
battery are measured at each time. Once battery current reaches to zero, the
algorithm to measure EMF is started. The data for battery open circuit voltage
is stored as long as the battery current remains zero. When OCV samples get
sufficient number, it is fitted to the measured EMF. As a result, all four model
parameters (EMF, ∆OCV, impedance, weighting factor) are determined.

Figure 1.3: EMF voltage U0 as function of SOC [16].
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Figure 1.4: Voltage relaxation after the battery is discharged and the current is switched
off [16].

3. Coulomb Counting method

Coulomb counting method is the easiest method to estimate the battery
SOC. The method is easy to implement with low power computation. It is based
on the integration of battery current with respect to time while the battery is
charging/discharging. The mathematical expression to measure SOC is denoted
in Equation 1.2. Nevertheless, it is an open-loop algorithm and could result
in significant inaccuracies due to uncertain disturbances and variables such as
noise, temperature, current, etc. Also, there are difficulties in determining the
initial value of SOC which causes a cumulative effect [24]. In addition, the
estimation accuracy depends highly on the current sensors used which may
be affected by measurement error, which also result in cumulative effect [25].
Furthermore, the method needs complete discharge of the cell and periodic
capacity calibration to obtain maximum capacity, which shorten the battery
lifespan [26].

4. Internal resistance method

The method uses battery voltage and current to measure the internal resis-
tance of the battery. Voltage is measured with the variation of current change
during small duration ( < 10 ms). The ratio of voltage and current variation
results in DC resistance, which represents the capacity of the battery in DC. A
small interval less than 10 ms is needed not only to capture the ohmic effect,
but also to reduce the effect of transfer reaction and acid diffusion [27]. How-
ever, the value of estimated resistance contains an error if the time is longer.
In addition, the method has good adaptability as well as the high accuracy of
SOC estimation only during the end period of discharging. Furthermore, due
to its low value (in milliohm range), the accuracy to get internal resistance is
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very hard to obtain. The internal resistance changes slightly with a wide range
of SOC which is difficult to observe [28], as indicated in Fig 1.5. Due to this
shortcoming, the DC internal resistance is hardly used to estimate SOC.

Figure 1.5: Variation of internal resistance with respect to SOC in lithium ion batteries
(tested under 25 °C, using the Hybrid Pulse Power Characterization (HPPC) test procedure)
[16].

5. Electrochemical Impedance Spectroscopy (EIS)

EIS has been extensively used in order to obtain an understanding of the
electrochemical reactions occurred inside the batteries and for determination
of SOC. A proper electrochemical model is necessary to implement EIS. Then,
EIS estimates the battery impedance using inductances and capacitances over
a wide range of frequencies [29]. Ran et al. [30] established an equivalent
circuit which included an inductive arc operated at high-frequency and two
capacitive arcs operated at low-frequency. A non-linear least-squares fitting
method is used under a different state of charging values to calculate the model
impedances. However, EIS results are difficult to reproduce if the system is not
operated in a steady state condition. Coleman et al. [31] estimated battery
EMF voltage using impedance, terminal voltage and discharge current under
load. The approach has low cost, achieves good accuracy and can operate online
if the value of impedance is updated with a normalized value. However, the
influence of battery aging and temperature variation could differ the estimated
results from the real values, which result in a lack of accuracy.

These conventional methods share some drawbacks in terms of their accuracy and
efficiency compared to other approaches, this is because they do not involve some sig-



CHAPTER 1. THEORETICAL BACKGROUND 8

nificant parameters mainly: battery temperature, impedance, etc. As a consequence,
advanced approaches should be carried out, such as the learning algorithm approach
for the problem in hand by developing machine learning models, taking into account
other parameters.

1.2 Fundamentals of Machine Learning

1.2.1 Overview of machine learning

Machine Learning is the science (and art) of programming computers so they can
learn from data. (past experience to inform future decisions)

Here is a slightly more general definition:
Machine Learning is the field of study that gives computers the ability to learn

without being explicitly programmed.
—Arthur Samuel, 1959

And a more engineering-oriented one:
A computer program is said to learn from experience E with respect to some

task T and some performance measure P, if its performance on T, as measured by P,
improves with experience E.

—Tom Mitchell, 1997

For example, your spam filter is a Machine Learning program that can learn to flag
spam given examples of spam emails (e.g., flagged by users) and examples of regular
(nonspam, also called “ham”) emails. The examples that the system uses to learn
are called the training set. Each training example is called a training instance (or
sample). In this case, the task T is to flag spam for new emails, the experience E is
the training data, and performance measure P needs to be defined; for example, you
can use the ratio of correctly classified emails. This particular performance measure
is called accuracy, and it is often used in classification tasks [32].

1.2.2 Types of machine learning

Machine Learning systems can be classified according to the amount and type of
supervision they get during training. There are four major categories: supervised
learning, unsupervised learning, semi-supervised learning, and Reinforcement Learn-
ing.

However, the approach varies from one problem to another. We will explain each
type briefly then expand on supervised learning along with its algorithms for relevance
to the problem at hand (Estimation).
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Figure 1.6: Types of machine learning [33].

1. Supervised Learning: In supervised learning, models are trained on a labeled
dataset where both input and output parameters are provided. The algorithms
learn to map points between inputs and correct outputs, making predictions
based on the training data.

2. Unsupervised Learning: Unsupervised learning involves training models on
an unlabeled dataset, where the machine predicts the output without any su-
pervision. Models are trained with data that is neither classified nor labeled,
allowing the machine to discover patterns and categories within the data.

3. Semi-Supervised Learning: Semi-supervised learning is a combination of
supervised and unsupervised learning. It involves training models with a mix
of labeled and unlabeled data, where the machine learns from both the labeled
and unlabeled data to make predictions.

4. Reinforcement Learning: In reinforcement learning, agents learn from ex-
periences without labeled data. The learning process is akin to how humans
learn from experiences, where agents receive feedback in the form of rewards
and punishments to optimize their actions in an environment.

These types of machine learning play crucial roles in various applications, from
image recognition and natural language processing to autonomous systems and pre-
dictive analytics, shaping the future of technology and data-driven decision-making.

1.2.3 Supervised learning

Supervised machine learning is a type of machine learning where machines are
trained using labeled training data, allowing them to predict outputs accurately. In
this process, the training data consists of input data paired with correct output data,
serving as a guide for the machine to learn and predict outcomes correctly. The la-
beled data acts as a supervisor, similar to a teacher guiding a student, helping the
machine learn to associate inputs with the correct outputs.
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The main goal of the supervised learning technique is to map the input variable(x)
with the output variable(y). This approach is fundamental in building accurate ma-
chine learning models for various real-world applications Some real-world applications
of supervised learning such as Risk Assessment, Fraud Detection, Spam filtering, etc.
Supervised learning can be further categorized into two main types: regression and
classification.

Regression

Regression is a type of supervised machine learning where the goal is to predict
a continuous numerical output variable based on one or more input variables. The
algorithm learns a function that maps the input features (also known as predictors,
independent variables, or features) to the output variable (also known as the depen-
dent variable or response variable).
Some key characteristics of regression problems:

• The output variable is a real-valued number, such as a person’s height, a house’s
price, or a stock’s price.

• The goal is to learn a function that can accurately predict the output given new
input data.

• Regression algorithms try to minimize the error between the predicted output
and the true output.

Regression methods comprise a diverse set of algorithms, including linear regres-
sion, polynomial regression, decision tree regression, random forest regression, and
support vector regression, among others. Each algorithm has its own assumptions,
advantages, and limitations, making them appropriate for various data types and
problem areas.

Classification

Classification is a supervised learning method used to label a sample based on its
features [34]. This technique assigns data instances to predefined classes or categories
according to their characteristics. It is mainly used when the target variable has
discrete or categorical outcomes. The goal of classification is to develop a model that
can accurately categorize new, unseen instances into the correct classes [35].
The model analyzes the patterns and relationships among the input variables to
create decision boundaries or rules that differentiate between different classes. These
boundaries or limits are based upon some classification algorithms which will explore
further.

Email spam detection, medical diagnostic tests, fraud detection, image classifica-
tion and speech recognition are some of the common applications of classification.
depending on the data’s features, the problem’s complexity, and the need for inter-
pretability, a classification algorithm is selected.
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1.2.4 Linear regression

Linear regression is a type of supervised machine learning algorithm that esti-
mates the linear relationship between a scalar dependent variable (Y) and one or
more independent variables (X) by fitting a linear equation to observed data. The
goal of the algorithm is to find the best Fit Line equation that can predict the values
(targets) based on the independent variables(features).

For a single independent variable, also known as Simple Linear Regression, the linear
regression model can be represented as:

Y = β0 + β1X + ϵ (1.3)

where:

• Y is the dependent variable

• X is the independent variable

• β0 is the intercept

• β1 is the slope

• ϵ is the error term

For multiple independent variables, also known as Multiple Linear Regression, the
model extends to:

Y = β0 + β1X1 + β2X2 + ...+ βnXn + ϵ (1.4)

where:

• Y is the dependent variable

• X1, X2, . . . , Xn are the independent variables

• β0 is the intercept

• β1, β2, . . . , βn are the slopes

• ϵ is the error term
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Figure 1.7: Visualization of Equation for Linear Regression [36].

The method aims to minimize the sum of the squared residuals (the differences
between the observed and predicted values), effectively fitting the best possible line
through the data points [34]. This approach is widely used due to its simplicity
and interpretability, making it a popular choice for predicting outcomes and under-
standing the influence of predictor variables. However, its assumptions of linearity,
independence, homoscedasticity, and normality must be met to ensure reliable results,
and it can be sensitive to outliers and multicollinearity among the predictors.

Unlike Lasso regression, linear regression does not include any form of regulariza-
tion, which can lead to overfitting, especially when there are many features, and it
uses all provided features without any form of automatic feature selection.

1.2.5 Lasso regression

Least Absolute Shrinkage and Selection Operator Regression (simply called Lasso
Regression) is a regularized version of Linear Regression. It aims to identify the vari-
ables and corresponding regression coefficients that lead to a model that minimizes
the prediction error. This is achieved by imposing a constraint on the model param-
eters, which ‘shrinks’ the regression coefficients towards zero, that is by forcing the
sum of the absolute value of the regression coefficients to be less than a fixed value
[37].

Lasso adds a regularization term to the cost function, but it uses the ℓ1 norm
of the weight vector which encourages the shrinkage of some coefficients to exactly
zero, effectively performing feature selection by excluding irrelevant features from the
model, hence reducing overfitting. This makes Lasso regression particularly useful for
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high-dimensional datasets where feature selection is necessary (see Equation 1.5).

Equation 1.5. Lasso Regression cost function

J(θ) = MSE(θ) + α
∑n

i=1
|θi| (1.5)

where α is the hyperparameter (regularization parameter) that controls the model’s
complexity and performance. A higher α value increases the penalty on the absolute
values of the coefficients (θ1, θ2,..., θn) resulting in more coefficients being shrunk to
zero, effectively performing feature selection and reducing overfitting. Conversely, a
lower α reduces the regularization effect, making the model more similar to standard
linear regression, which can capture more data complexity but also risk overfitting.
Selecting the optimal α typically involves cross-validation, grid search, and consider-
ation of the bias-variance tradeoff to achieve a balance between model simplicity and
predictive accuracy.

Figure 1.8: Lasso regression [32].

An important characteristic of Lasso Regression is that it tends to completely elimi-
nate the weights of the least important features (i.e., set them to zero). For example,
the dashed line in the right plot on Figure 1.8 (with α = 10−7) looks quadratic,
almost linear: all the weights for the high-degree polynomial features are equal to
zero. In other words, Lasso Regression automatically performs feature selection and
outputs a sparse model (i.e., with few nonzero feature weights) [32]. By reducing
model complexity and addressing multicollinearity, Lasso Regression can lead to more
robust and interpretable models.
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1.2.6 Decision trees

Decision trees are a popular machine learning method used for both classification
and regression tasks. This approach builds a tree-like model where internal nodes
represent feature tests, branches signify decision rules, and leaf nodes indicate the
predicted class or value.

The topmost node in a decision tree is known as the root node. It learns to
partition on the basis of the attribute value. It partitions the tree in a recursive man-
ner called recursive partitioning. This flowchart-like structure helps you in decision-
making. It is visualized like a flowchart diagram which easily mimics human level
thinking. That is why decision trees are easy to understand and interpret [38].

Figure 1.9: Decision tree example classification example of heart failure [38].

A decision tree is an easily understandable type of machine learning algorithm.
It clearly shows how decisions are made, unlike neural networks, which are more
complex and opaque. Additionally, decision trees train faster than neural networks
[39].
The time complexity of decision trees is a function of the number of records and
attributes in the given data. The decision tree is a distribution-free or non-parametric
method which does not depend upon probability distribution assumptions. Decision
trees can handle high-dimensional data with good accuracy [38].

In a decision tree, for predicting the class of the given dataset, the algorithm
starts from the root node of the tree. This algorithm compares the values of the
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root attribute with the record (real dataset) attribute and, based on the comparison,
follows the branch and jumps to the next node [40]. For the next node, the algorithm
again compares the attribute value with the other sub-nodes and moves further. It
continues the process until it reaches the leaf node of the tree. The complete process
can be better understood using the below algorithm:

1. Find the best attribute in the dataset using Attribute Selection Measure (ASM).

2. Make that attribute a decision node and break the dataset into smaller subsets.

3. Generate the decision tree node, which contains the best attribute.

4. Recursively make new decision trees using the subsets of the dataset created in
step -2. Continue this process until a stage is reached where you cannot further
classify the nodes and call the final node as a leaf node.

5. To stop the process one of these three conditions must be met:

• All the tuples belong to the same attribute value.

• There are no more remaining attributes.

• There are no more instances.

The following schematic explains the process of making a decision tree algorithm:

Figure 1.10: Broad view of training decision tree models [41].

The decision tree relies on multiples measures to do its attribute selection process
otherwise known as attribute selection measures or ASM, the most critical measures
are:

• Information gain: It represents the information gain of attribute ai with
respect to the dataset S. It is an impurity-based criterion that uses the entropy
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measure (origin from information theory) as the impurity measure (s.t: En is
the entropy).

infoGain(ai, S) = En(y, S) −
∑

vi,j∈ dom(ai)

|σai = vi,jS|
|S|

. En(y, σai = vi,jS)

(1.6)

Or simply:

infoGain(ai, S) = En(S) − [ (Wa)× En(eachfeature) ] (1.7)

Such that:

Wa = WeightedAverage =
|σai = vi,jS|
|S|

(1.8)

Where:

– ai: is the i-th attribute (or feature) in the dataset. Attributes are used to
split the data at each node in the decision tree.

– S: is the current dataset (or subset of the data) being evaluated for split-
ting.

– En(y, S): is the entropy of the target variable y in the dataset S. Entropy
is a measure of the impurity or disorder in the dataset with respect to the
target variable. It quantifies the amount of uncertainty or randomness in
the target variable.

– dom(ai): represents the domain (or set) of possible values that attribute ai
can take. For example, if ai is a binary attribute, dom(ai) could be {0,1}.

– vi,j: is the j − th value in the domain of attribute ai. For example, if ai
can take values {0, 1, 2}, then vi,j could be 0, 1, or 2.

– σai = vi,jS: is the subset of S that satisfies the condition ai = vi,j.

– |σai = vi,jS|: is the number of instances in the subset σai = vi,jS

– |S|: is the number of instances in the original dataset S

– En(y, σai = vi,jS): is the entropy of the target variable y in the subset
σai = vi,jS. It measures the impurity or disorder of the target variable
within the subset of the data where ai equals vi,j.

• Gini index: Gini index is an impurity-based criterion that measures the di-
vergences between the probability distributions of the target attribute’s values.
The Gini index has been used in various works such as (Breiman et al) [40] and
(Gelfand et al., 1991) and it is defined as:
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Gini(y, S) = 1 −
∑

cj ∈ dom(y)

(
|σy = cjS|
|S|

)
2

(1.9)

In the case of a discrete-valued attribute, the subset that gives the minimum
gini index for that chosen is selected as a splitting attribute. In the case of
continuous-valued attributes, the strategy is to select each pair of adjacent
values as a possible split point, and a point with a smaller gini index is chosen
as the splitting point [38].

Consequently the evaluation criterion for selecting the attribute ai is defined as:

GiniGain(ai, S) = Gini(y, S) −
∑

vi,j∈ dom(ai)

|σai = vi,jS|
|S|

. Gini(y, σai = vi,jS)

(1.10)
And thus, the attribute with the minimum Gini Index is chosen as the splitting
attribute.

1.2.7 Random forests

Random Forests were introduced by Leo Breiman [42] who was inspired by earlier
work by Amit and Geman [43]. Random Forests can be used for either a categorical
response variable, (classification), or a continuous response, (regression). Similarly,
the predictor variables can be either categorical or continuous [44]. In short, it is
based on the concept of ensemble learning, which is a process of combining multiple
classifiers to solve a complex problem and to improve the performance of the model.

Random Forest is a classifier that contains a number of decision trees on various
subsets of the given dataset and takes the average to improve the predictive accuracy
of that dataset. Instead of relying on one decision tree, the random forest takes
the prediction from each tree and based on the majority votes of predictions, and it
predicts the final output. The greater number of trees in the forest leads to higher
accuracy and prevents the problem of overfitting [45].
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Figure 1.11: Ensemble learning for random forests [46].

Random forests work in few steps:

1. Data sampling: Random Forests randomly select subsets of the training data
with replacement (known as bootstrap samples) to create multiple training sets.

2. Building decision trees: For each bootstrap sample, a decision tree is constructed
by recursively partitioning the data based on different features and split points.
The splitting is done by maximizing information gain or minimizing impurity
measures like Gini index or entropy.

3. Random feature selection: At each node of the decision tree, a random subset
of features is considered for determining the best split. This random feature
selection helps to decorrelate the trees and reduce overfitting.

4. Tree ensemble: After building a set of decision trees, predictions from each tree
are combined using majority voting for classification or averaging for regression.
This ensemble approach improves the accuracy and generalization of the model.

5. Prediction: To make predictions on unseen data, the input data is passed
through each decision tree in the forest, and the final prediction is obtained
by aggregating the individual tree predictions.

Random forests are capable of performing both Classification and Regression tasks
and are capable of handling large datasets with high dimensionality, while its ensemble
learning nature helps enhance its accuracy and combat overfitting.
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1.2.8 Boosting

Boosting is a powerful ensemble technique used in machine learning to improve
the performance of weak learners (models that are slightly better than random guess-
ing) by combining them to form a strong learner. The primary idea behind boosting
is to train weak learners sequentially, each focusing more on the mistakes made by
the previous ones, thereby reducing errors and improving accuracy. There are sev-
eral types of boosting algorithms, including Adaptive Boosting (AdaBoost), Gradient
Boosting, and LogitBoost. Each type has its own strengths and weaknesses.

Figure 1.12: Training a boosting model [47].

Advantages of Boosting

• Improved Accuracy – Boosting can improve the accuracy of the model by com-
bining several weak models’ accuracies and averaging them for regression or
voting over them for classification to increase the accuracy of the final model.

• Robustness to Overfitting – Boosting can reduce the risk of overfitting by
reweighting the inputs that are classified wrongly.

• Better handling of imbalanced data – Boosting can handle the imbalance data
by focusing more on the data points that are misclassified

• Better Interpretability – Boosting can increase the interpretability of the model
by breaking the model decision process into multiple processes.
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1.2.9 K-nearest neighbor (KNN)

K-Nearest Neighbors (KNN) is a powerful algorithm that can be used for both
classification and regression tasks. In KNN, the class or value of an unseen data
point is determined by considering its k nearest neighbors in the training set [35].
The algorithm operates by calculating the distance between the new data point and
all other data points in the training set using a distance metric such as Euclidean dis-
tance. The k nearest neighbors are then selected based on the shortest distance [48].
For classification tasks, the class label of the new data point is determined through
majority voting among its k nearest neighbors. In the context of regression, KNN is
often referred to as “K-Nearest Neighbors Regression” or “KNN Regression”. It is a
simple and intuitive algorithm that makes predictions by finding the K nearest data
points to a given input and averaging their target values [49].

Here is an overview of how KNN Regression works [50]:

1. Data Collection: Starting with a dataset that includes both input features and
target values. In regression tasks, the target values are continuous and represent
the output you want to predict.

2. Choosing the Number of Neighbors (K): The number of nearest neighbors, K,
that will be used to make predictions should be chosen properly. This is a
hyperparameter that you can tune based on the characteristics of the data. A
small K (e.g., 1 or 3) may lead to noisy predictions, while a large K may lead
to overly smoothed predictions.

3. Distance Metric: KNN relies on a distance metric (e.g., Euclidean distance) to
measure the similarity between data points. Different distance metrics can be
used depending on the nature of the data.

4. Prediction: To predict for a new input data point, KNN calculates the distance
between this point and all other data points in the dataset. It then selects the
K data points with the smallest distances.

5. Regression Prediction: For regression, the predicted value for the new data
point is the average of the target values of the K nearest neighbors. This could
be a simple arithmetic mean.

KNN Regression is simple to implement and understand, but it can be com-
putationally expensive, especially for large datasets, because it requires calculating
distances between the new data point and all existing data points. Additionally,
choosing the right value for K and the appropriate distance metric can impact the
quality of the predictions. Cross-validation and hyperparameter tuning can help in
selecting suitable values for K and the distance metric [50].
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1.2.10 Evaluation metrics

Root Mean Squared Error (RMSE)

RMSE is a typical performance measure for regression problems. It gives an idea of
how much error the system typically makes in its predictions, with a higher weight for
large errors. Equation 1.11 shows the mathematical formula to compute the RMSE.

Equation 1.11. Root Mean Square Error (RMSE)

RMSE(X, h) =

√√√√ 1

m

m∑
i=1

(h(x(i))− y(i))
2

(1.11)

Where:

• m is the number of instances in the dataset you are measuring the RMSE on.

• x(i) is a vector of all the feature values (excluding the label) of the ith instance
in the dataset, and y(i) is its label (the desired output value for that instance).

• X is a matrix containing all the feature values (excluding labels) of all instances
in the dataset. There is one row per instance and the ith row is equal to the
transpose of x(i), noted (x(i))T .

• h is your system’s prediction function, also called a hypothesis. When your
system is given an instance’s feature vector x(i), it outputs a predicted value
ŷ(i) = h(x(i)) for that instance (ŷ is pronounced “y-hat”).

• RMSE(X, h) is the cost function measured on the set of examples using your
hypothesis h.

[32]

Mean Absolute Error (MAE)

MAE is a loss function used in regression tasks to measure the average absolute
differences between predicted values from a machine learning model and the actual
target values. Equation 1.12 shows the mathematical formula to compute the MAE
[51].

Equation 1.12. Mean Absolute Error (MAE)

MAE(X, h) =
1

m

m∑
i=1

∣∣h(x(i))− y(i)
∣∣ (1.12)
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R-squared (R2)

The R2 (R-squared), also known as the coefficient of determination, is a common
regression metric and statistical measure used to evaluate the performance of regres-
sion models. It represents the proportion of the variance in the dependent variable
that is predictable from the independent variables in the model. The R2 score ranges
from 0 to 1, with 1 indicating a perfect fit where the model explains all the variability
of the target variable, and 0 indicating that the model does not explain any of the
variability [52]. R-squared can be calculated using the following formula.

Equation 1.13. R-squared (R2)

R2 = 1− SSresidual

SStotal

(1.13)

Where:

• The total sum of squares (SStotal): Represents the total variation in the depen-
dent variable y from its mean.

SStotal =
∑n

i=1
(yi − ȳ)2 (1.14)

where n is the number of observations, yi is the i
th observed value of y and y is

the mean of y.

• The residual sum of squares (SSresidual): Represents the unexplained variation
in y after fitting the regression model.

SSresidual =
∑n

i=1
(yi − ŷi)

2 (1.15)

where ŷi is the predicted value of yi from the regression model.

1.3 Overview of Optimization

In this section, we explore the concept of hyperparameter tuning (also known
as hyperparameter optimization) in machine learning, witch is an essential process
to optimize the performance of machine learning models. Proper tuning can well
improve the performance of the model, as the performance of a model can be highly
dependent on the choice of hyperparameters.

1.3.1 Model hyperparameters

In contrast to model parameters which are learned during training, model hyper-
parameters are set ahead of training and control implementation aspects of the model.
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The weights learned during training of a linear regression model are parameters while
the number of trees in a random forest is a model hyperparameter, other examples
of hyperparameters include learning rate, number of trees in a random forest, reg-
ularization strength. Hyperparameters can be thought of as model settings. These
settings need to be tuned for each problem because the best model hyperparameters
for one particular dataset will not be the best across all datasets. The process of
hyperparameter tuning means finding the combination of hyperparameter values for
a machine learning model that performs the best - as measured on a validation (test)
dataset - for a problem.

1.3.2 Hyperparameter tuning

It is helpful to think of hyperparameter tuning as having four parts:

1. Objective function: A function that takes in hyperparameters and returns a
score we are trying to minimize or maximize, in our case we want to maximize
the accuracy.

2. Domain: The domain, or search space, is all the possible values for all the
hyperparameters that we want to search over.For grid search, the domain is a
hyperparameter grid and usually takes the form of a dictionary with the keys
being the hyperparameters and the values are lists of values for each hyperpa-
rameter.

3. Algorithm: A method for selecting the next set of hyperparameters to evaluate
in the objective function, in our case it is the GridSearch .

4. Results history: Data structure containing each set of hyperparameters and
the resulting score from the objective function.

Switching from one optimization method to another will only require making mi-
nor modifications to these four parts.

Hyperparameter tuning techniques

Manual: select hyperparameters based on intuition/experience/guessing, train
the model with the hyperparameters, and score on the validation data. Repeat the
process until you are satisfied with the results.

Grid Search: set up a grid of hyperparameter values and for each combination,
train a model and score on the validation data. In this approach, every single combi-
nation of hyperparameters values is tried.
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Random search: set up a grid of hyperparameter values and select random com-
binations to train the model and score. The number of search iterations is set based
on time/resources.

Bayesian optimization: It is an advanced method for hyperparameter tuning
in machine learning models. Unlike traditional methods like Grid Search or Random
Search. Bayesian optimization builds a probabilistic model to predict the perfor-
mance of different hyperparameter combinations. This approach intelligently selects
the next set of hyperparameters to evaluate based on past results, aiming to find
the optimal parameters with fewer iterations and reducing the computational cost
associated with exhaustive search methods.

Bayesian methods differ from random or grid search in that they use past evalu-
ation results to choose the next values to evaluate [53].

1.4 Related Work

Li-ion batteries can be considered prime candidates for grid-storage applications,
portable electrical devices, electric vehicles, etc. due to their higher cycle life and
high-power density compared to other alternatives [54, 55]. A BMS is an integral
part of a Li-ion battery pack, designed to monitor and manage the battery’s op-
erating conditions. The primary functions of a BMS include SOC estimation and
monitoring [56]. Accordingly, numerous studies have explored various techniques and
optimization models to improve battery SOC estimation accuracy and efficiency over
the last decades [57]. Besides, machine learning (ML) has become indispensable in
applied engineering for its ability to analyze vast amounts of data and extract valuable
insights for prediction (regression) or classification. For instance, ML helps predict
equipment failures, reducing downtime and costs in predictive maintenance [58]. Pro-
cess optimization also benefits from ML’s capacity to identify patterns and trends,
leading to increased efficiency and improved results quality [59, 60]. Furthermore,
regression using machine learning involves building models that predict continuous
outcomes based on input features [61]. These models can be trained on labeled data,
where each application has input features and a corresponding continuous target vari-
able [62].

Beyond that, as introduced in the previous section, SOC estimation in battery-
powered devices can be categorized into three main types: conventional methods,
statistical methods, and data-driven methods. In this section, we provide the recent
state-of-the-art applications for each approach along with their drawbacks and ad-
vantages. Ng, Kong Soon, et al. [63] proposed an enhanced estimating SOC and
SoH of lithium-ion batteries using coulomb counting method, this later is also known
as ampere-hour (Ah) counting, the technique involves measuring the current flowing
into and out of the battery over time and integrating this current to determine the
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total charge that has been added to or removed from the battery [64, 65]. Similarly,
Mohammadi, F [66] and Lee J et al [67] proposed an improved Coulomb-Counting
algorithm for Li-ion battery SOC estimation and uncertainty evaluation, which ver-
ify the high accuracy of SOC estimation compared to other analytical and heuristic
approaches. Zheng, et al [68] studied the influence of the open-circuit voltage (OCV)
tests on SOC Li-ion battery real-time estimation, which is also a conventional method
that demonstrates the effectiveness of the OCV method for SOC estimation where
the temperature dependency of the SOC-OCV relationship was examined. More-
over, other conventional methods have been investigated such as Electromechanical
impedance spectroscopy [69, 70], this approach enables more accurate battery model-
ing, leading to improved SOC estimation. Although conventional methods for battery
SOC estimation are easy to implement, and provide real-time monitoring in many
cases [71], these methods can accumulate errors over time [57], requiring the battery
to be at rest for more precise and accurate measurements [72], which cannot not be
applicable to all battery types for dynamic real-time applications [73]. Additionally,
these conventional methods for SOC estimation may struggle to account for temper-
ature variations that significantly affect battery performance [74]. As a result, these
methods often yield inaccurate SOC estimates. To address this, statistical and data-
driven approaches can be used to incorporate temperature effects and provide more
reliable SOC estimations [75, 76].

Shrivastava, P et [77] proposed an overview of real-time battery SOC estimation
employing Kalman Filter (KF) variants, the proposed method incorporate statistical
approaches to estimate the SOC by modeling the dynamic behavior of Li-ion bat-
tery system with state-space representations, the prediction can be adapted based
on real-time measurements, similar approaches have been proposed in [78, 79]. How-
ever, Standard KF assumes linearity, which may not be accurate for complex battery
systems [80], and might not hold true in all scenarios as it relies on Gaussian noise
assumptions [78]. Additionally, Shen, J et al [81] proposed an accurate SOC estima-
tion using Moving Horizon Estimation approach, a statistical optimization framework
used to estimate the SOC over a sliding time window, taking into consideration the
current and the previous measurements to provide an accurate estimation, conversely,
solving an optimization problem at each step over a horizon is computationally com-
plicated [82]. Although many statistical approach-based SOC estimation have been
proposed offering powerful SOC estimation [83–85], they come with trade-offs in terms
of computational complexity, sensitivity to noise and model assumptions mainly the
battery temperature, and the need for careful parameter tuning. Thus, incorporation
ML in battery SOC estimation can leverage large datasets, learn complex nonlinear
relationships, and adapt to varying operating conditions, making them powerful tools
for battery SOC estimation [86, 87].

Li J et al [88] proposed an improved SOC estimation using the Least Squares
Support Vector Machine (LSSVM) to establish the battery model, but this approach
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requires careful tuning of hyperparameters (e.g., kernel type, regularization); thus,
optimization is required to address the issue as presented in our report. Yang, N
et [89] suggested a Li-ion battery SoH using Radom Forest (RF) and Convolutional
Neural Network (CNN), these approaches may be slow to train on large datasets,
as well as a significant amount of memory for storing multiple trees is needed [57].
Talluri T et al [90] studied battery SOC with KNN regression model due to its ad-
vantages in terms of simplicity and speed; however, its performance may deteriorate
with increasing number of features and samples. Ipek, E et al [91] presented in their
paper the SOC estimation of Li-ion battery using SVM and Gradient Boosting (GB)
techniques; however, GB is more difficult to tune compared to other models [92].
Also, DL-based methods can provide promising SOC estimation according to some
related work [93–96], they also come with significant drawbacks in terms of large data
requirement, high computational cost, integration and deployment complexity, main-
tenance, etc. [97, 98]. As a consequence, addressing these drawbacks is essential for
the practical deployment and widespread adoption of SOC estimation in real-world
applications. This can be achieved by using machine learning, which forms the right
balance between conventional methods and deep learning techniques.

Meng J et al. [99] used Support Vector Machine (SVM) and KF for SOC esti-
mation of Li-ion batteries, but the goal of their work was actually to establish the
battery model with limited initial training samples. Lipu M et al. [100] suggested an
optimized RF regression algorithm for enhanced SOC estimation accuracy. However,
their results were obtained under constant temperature and environmental conditions.
Deb S et al. [101] incorporated RF and GB methods for SOC estimation, conducting a
comparative study between both approaches, but only in battery discharge mode and
without hyperparameter tuning. Additionally, many papers involve either the com-
bination or hybridization of ML-based techniques for Li-ion battery SOC estimation
[1, 5, 57, 102–104]; however, based on these cited review papers, the common draw-
back is that the battery SOC was estimated under constant environmental conditions
and in either charging or discharging mode only, as well as hyperparameter tuning is
not significantly taken into account. As a result, the present work contributes to SOC
estimation for Li-ion batteries by incorporating nine recommended machine learning
models: LR, LASSO, KNNR, CatBoostR, ETR, RFR, XGBR, DTR, GBR, in both
charging and discharging modes under several battery conditions along with hyper-
parameter tuning using Gridsearch optimization model for the best three approaches,
resulting in more promising outcomes and more accurate evaluation metrics.

Conclusion

In this chapter, we have established the theoretical groundwork for understanding
SOC estimation and machine learning. We started by explaining the importance
of SOC and reviewed the different approaches used for its estimation including the
conventional methods. Then, we provided an overview of machine learning, discussing
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various algorithms that can be used for developing models to estimate the SOC, along
with the evaluation metrics for assessing these ML models. Lastly, we introduced the
concept of optimization and hyperparameter tuning, which are crucial for improving
the performance of machine learning models.

This theoretical foundation is essential as we move forward into the next chapters,
where we will apply these concepts to develop and optimize machine learning models
for accurate real-time SOC estimation.
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Introduction

In this chapter, we describe the methodology used for training, evaluating and
comparing various regression models to predict the state of charge (SOC) of lithium-
ion batteries. Our goal is to identify the most effective model for this prediction task.
We employed a systematic approach encompassing several key steps: data prepro-
cessing, model training, evaluation and optimization. This structured methodology
ensures that we test and improve our models to achieve the best possible performance.

2.1 Tools

Visual Studio Code (VS Code)

Visual Studio Code (VS Code) is a lightweight and highly popular source code
editor developed by Microsoft. It is known for its versatility, extensibility, and support
for a wide range of programming languages. VS Code provides a rich set of features
such as code completion, debugging, version control integration, and customizable
user interface, making it a preferred choice for many developers.

When it comes to Python development, Visual Studio Code provides excellent
support. It offers features specifically tailored for Python development, such as syntax
highlighting, code formatting, code navigation, linting and debugging capabilities.
Overall, VS Code is a popular choice among Python developers due to its efficiency,
ease of use and robust Python-specific features.

Python

Python is a computer programming language often used to build websites and
software, automate tasks and conduct data analysis. Python is a general-purpose
language, meaning it can be used to create a variety of different programs and is
not specialized for any specific problems. This versatility along with its beginner-
friendliness, has made it one of the most used programming languages today [105].
Stack Overflow’s 2022 Developer Survey revealed that Python is the fourth most pop-
ular programming language, with respondents saying that they use Python almost
50 percent of the time in their development work. Survey results also showed that
Python is tied with Rust as the most-wanted technology, with 18% percent of devel-
opers who are not using it already saying that they are interested in learning Python
[106].

The Libraries

In the field of coding, a library refers to a collection of pre-compiled code and re-
sources that provide specific functionality, features or tools for developers. Libraries
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are designed to be reused, making development more efficient and enabling program-
mers to leverage existing code rather than building everything from scratch.

There are several libraries used in our program, some of which are part of the
Python standard library, and some are not, meaning that they need to be preinstalled.

The libraries and modules used are:

• Pandas: The pandas library is a popular data manipulation and analysis tool.
It provides data structures like DataFrames for efficient handling of structured
data, as well as functions for data cleaning, filtering, merging and more.

• NumPy: A fundamental package for scientific computing in Python. It pro-
vides support for large, multi-dimensional arrays and matrices, along with a
collection of mathematical functions to operate on these arrays efficiently.

• Scikit-Learn: Also known as (SkLearn), is a comprehensive machine learning
library in Python. It provides a wide range of algorithms and tools for tasks
such as classification, dimensionality reduction and model selection.

• pyplot: It is a module within the Matplotlib library that provides a MATLAB-
like interface for creating and manipulating static, animated and interactive
visualizations in Python. It produces publication-quality figures in a variety of
hardcopy formats and interactive environments across platforms.

• Tabulate: A Python library which allows creating formatted tables for dis-
play purposes. It supports multiple output formats including plain text, grid,
HTML, LaTeX, and more. Also, it is easy to use and integrate into existing
codebases, providing functions for printing lists of lists, dictionaries and pandas
DataFrames in tabular form.

• tqdm: The tqdm library is a fast, extensible progress bar for Python and CLI.
It adds progress bars to loops and other iterable operations with minimal code
changes. It provides an easy way to visualize the progress of the code execution,
making it particularly useful for long-running operations like data processing
and training machine learning models. The library supports various output
formats, including the console, Jupyter notebooks and graphical interfaces. Its
name is derived from the Arabic name taqaddum, which means ’progress’.

• Warnings: A standard Python module for issuing and controlling warning
messages. It provides functions to issue warnings, filter warnings, and control
how warnings are displayed. The library supports different categories of warn-
ings, such as DeprecationWarning and UserWarning, and is used to alert the
programmer of conditions that are not necessarily exceptions but might need
attention, like deprecated features or potential issues in the code.

All these mentioned libraries and modules either will be necessary for the right func-
tioning of our program, or would help in enhancing its capabilities, where they are
imported using the command “import”.
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2.2 Data Acquisition & Description

The dataset utilized in this project is the “NASA Battery Dataset” made available
by the “NASA Prognostics Center of Excellence”. This dataset consists of a set of
Li-ion batteries subjected to various operational profiles, including charge, discharge
and impedance measurements, conducted at different temperatures. The impedance
measurements were performed using electrochemical impedance spectroscopy (EIS)
frequency, providing detailed insights into the internal battery parameters as they
change with aging.

The dataset captures repeated charge and discharge cycles, which result in accel-
erated aging of the batteries. The experiments continued until the batteries reached
their end-of-life (EOL) criteria, ensuring comprehensive data on battery degradation
over time. This dataset is organized into batches of six experiments, with data pro-
vided in MATLAB (.mat) files and detailed experiment descriptions in asSOCiated
README.txt files.

The rich and detailed nature of this dataset enables it to be used for predicting
both the remaining charge for a given discharge cycle and the remaining useful life
(RUL) of the batteries. The availability of this dataset on Kaggle facilitates easy
access and usability for researchers and developers, making it a valuable resource for
advancing battery technology and prognostics.

AI techniques require large datasets for learning, mapping, and predicting. Only
appropriate and relevant data produce accurate predictions. So for that, we have
made some modifications:

• The flies of the dataset are converted from mat format to CSV format.

• The impedance cycles are removed (we used only charge and discharge cycles).

• “Capacity” column is removed from the discharge cycles.

• “RemT” column is added, which is calculated mathematically based on the
“time” column:

RemT = Time[max]− Time[current] (2.1)

• “SOC” column is also added, which is calculated mathematically:

SOC =
RemT [current]

RemT [max]
× 100 (2.2)
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Furthermore, the following features are considered for each
cycle:

For charge the features are:

• Voltage measured: Battery terminal voltage (Volts)

• Current measured: Battery output current (Amps)

• Temperature measured: Battery temperature (degree C)

• Current charge: Current measured at charger (Amps)

• Voltage charge: Voltage measured at charger (Volts)

• Time: Time vector for the cycle (secs)

• SOC: State of charge (%)

• RemT: Remaining time for charge

For discharge the features are:

• Voltage measured: Battery terminal voltage (Volts)

• Current measured: Battery output current (Amps)

• Temperature measured: Battery temperature (degree C)

• Current load: Current measured at load (Amps)

• Voltage load: Voltage measured at load (Volts)

• Time: Time vector for the cycle (seconds)

• SOC: State of charge (%)

• RemT: Remaining time for discharge

Summary:
The final dataset used for this project consists of 5609 CSV files; 2794 represent load
cycles (discharging modes), and 2815 represent charge cycles (charging modes).
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2.3 Data Visualization and Analysis

This section introduces the key features of the battery dataset and provides an
analysis of the observed patterns. The features include voltage measured, current
measured, temperature measured, current load/charge and voltage load/charge over
time.

Figure 2.1: Discharging Features vs Time (one cycle)

Figure 2.2: Charging Features vs Time (one cycle)
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Graph Analysis:
The temperature graphs indicate clearly significant fluctuations during the charging
and discharging cycles. These variations in temperature are critical as they impact
the remaining charge time and SOC predictions, highlighting the importance of
accounting for thermal effects in battery performance assessments.

2.4 Data Pre-Processing

2.4.1 Data collection and sampling

For our project, we are working with a dataset of discharge/charge cycles of Li-ion
batteries. To ensure that our data is representative of various conditions and changes
applied to the discharge/charge batteries, we have implemented a manual sampling
strategy. Specifically, we sampled the discharge CSV(s) files by selecting one file
out of every six files and for charge CSV(s) we selected one file out of every
twelve files. This approach helps us cover the full spectrum of different samples
and conditions present in the dataset, providing a comprehensive view of the battery
discharge/charge behavior.

This sampling method is particularly useful in scenarios where the data is se-
quential or where changes in the conditions over time need to be accounted for. By
systematically sampling every sixth/twelve file, we reduce the volume of data to a
manageable size while still capturing the variability in the discharge/charge cycles.
This careful selection process ensures that our analysis and any modeling efforts will
be based on a well-rounded and diverse dataset.

Next, we will delve into the specific steps of our data pre-processing workflow,
including concatenation CSV(s), handling missing values and preparing it for analysis
and modeling.

2.4.2 Data concatenation

After loading the sampled files, we concatenated them into a single DataFrame
called discharge df/charge df. This involved stacking the rows of each sampled file
one after the other. This DataFrame encompasses the entirety of the discharge/charge
data, resulting in a dataset with 128,634 rows (for discharge)/544,808 rows(for
charge), and 8 columns. This step is critical for efficient data analysis and model
training, as it centralizes all relevant information in one place, making it easier to
manipulate and analyze.
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2.4.3 Data cleaning

Any dataset consists of duplicates, imbalanced and corrupt samples that can lead
to inconsistency during training and prediction, so such samples are excluded. Hence,
our dataset was processed and cleaned so that it would be ready to feed for the
training of an ML model. It was made sure that there were no null values in any row
(masking) and the precision of the data points was uniform throughout. This step was
achieved using the function “dropna” from python’s data analysis library; Pandas.
Data cleaning was an important measure because null values and non-uniform data
points adversely affect the accuracy of any ML algorithm [107].

2.4.4 Data splitting

Traditionally, to employ machine learning algorithms, the datasets are randomly
split into two parts: training and test sets. The data is assigned randomly to any of
the two sets, but according to a particular ratio which The rough standard for train-
validation-test splits is (60-80):(40-20) [108] where the training set contains 60-80%
of the data and the test set contains 40-20% of the data. The purpose of this split
is to evaluate the ML model and check its accuracy against the test set. The model
is trained only on training data and then its performance is tested on the test set to
gain insight into the validity of the model. For this purpose, we split the dataset into
randomized 70:30 training and test sets using python.

The feature “SOC” is then chosen to be the target (output). Because of their
linear relationship with ”SOC,” the ”RemT” and ”Time” features are removed from
the dataset, leaving ”SOC” to represent the three features.

With the following lines of code, we perform the train-test split on our dataset us-
ing the train test split function from the module sklearn.model selection and choosed
the target:

Figure 2.3: Data splitting
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Figure 2.4: Pre-Processed Charge dataset

Figure 2.5: Pre-Processed Discharge dataset



CHAPTER 2. METHODOLOGY 37

2.5 Applying Machine Learning Models

The SOC prediction models employs machine learning algorithms. A total of 9
different algorithms were tested to find the model that works best. As this was a
regression problem, some traditional algorithms were tried out first, then the analysis
moved to much more powerful Regressors. Finally, a comparative analysis of these
algorithms is performed to select the best model.

2.5.1 Model building

We selected a diverse set of regression models (9 Models) to compare their per-
formance. The chosen models include:

a. LinearRegression

b. KNeighborsRegressor

c. Lasso

d. RandomForestRegressor

e. DecisionTreeRegressor

f. ExtraTreeRegressor

g. XGBRegressor

h. GradientBoostingRegressor

i. CatBoostRegressor

Evaluation Metrics

To evaluate the performance of the various regression models, we employed three
commonly used metrics: R-squared (R2), Mean Absolute Error (MAE), and Root
Mean Squared Error (RMSE).

• R-squared (R2): This metric indicates how well the independent variables ex-
plain the variability of the dependent variable. An R2 value closer to 1 suggests
a better fit. Mean Absolute Error (MAE):MAE measures the average mag-
nitude of the errors in a set of predictions, without considering their direction.
It provides a straightforward measure of prediction accuracy.

• Root Mean Squared Error (RMSE): RMSE is the square root of the av-
erage of squared differences between prediction and actual observation. It pe-
nalizes larger errors more than MAE, providing a clear view of the prediction
error magnitude.
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2.5.2 Training and evaluation process

The process for training and evaluating each model involves the following steps:

1. Model Training: A function evaluate and print is defined to train a given

list of models, make predictions, evaluate the model’s performance, and visu-

alize the results. The function takes four parameters: model, model name,

X train param and y train param

The model parameter is the machine learning model to be trained and eval-

uated. X train param and y train param are the training data and corre-

sponding labels respectively. model name is a string representing the name of

the model.

2. Prediction: Inside the evaluate and print function, themodel is first trained

using the fit method on the training data. Then, predictions are made on the

test data using the predict method.

3. Evaluation: The predictions are evaluated using the metrics described above.

4. Visualization: A subset of the predictions (first 5% of the test data) is visual-

ized (predicted values against the actual values) to inspect model performance

visually.

Results

The tables 2.1 and 2.2 summarizes the Results.

model/evaluation R2 MAE RMSE

Lasso 0.717477 11.811579 15.527722

KNeighborsRegressor 0.911580 3.733305 8.686714

LinearRegression 0.717931 11.800901 15.515255

CatBoostRegressor 0.929583 4.443967 7.752089

ExtraTreesRegressor 0.975732 1.545410 4.550950

RandomForestRegressor 0.973361 1.712858 4.768001

XGBRegressor 0.932529 4.296816 7.588190

DecisionTreeRegressor 0.947810 1.744184 6.673812

GradientBoostingRegressor 0.885620 5.892310 9.880000

Table 2.1: Results of the Charge Cycles
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model/evaluation R2 MAE RMSE

Lasso 0.440520 17.516225 21.634235

KNeighborsRegressor 0.918980 4.695400 8.232780

LinearRegression 0.440387 17.442982 21.636800

CatBoostRegressor 0.964902 3.438097 5.418612

ExtraTreesRegressor 0.981254 1.998865 3.960077

RandomForestRegressor 0.978734 2.192992 4.217876

XGBRegressor 0.966208 3.344424 5.316899

DecisionTreeRegressor 0.961061 2.598255 5.707416

GradientBoostingRegressor 0.904167 6.565596 8.953772

Table 2.2: Results of the Discharge Cycles

The results of these optimizations will be discussed in detail in
chapter 3 (Results and Discussion)

2.6 Model Optimization

Hyperparameter tuning is a crucial step in developing machine learning models, as
the default parameters of a model might not always give the best performance. This
section is about optimizing these parameters to improve the model’s performance.

In our project, GridSearchCV is the method used for optimization, it searches
over specified, predefined range values. It trains the model multiple times on that
range of parameters that we specified and gives out the best parameter combination,
which can then be used for training the final model.

We applied the GridSearchCV method to various models and obtained different
results. For some models, we successfully identified the optimal parameters, while
for others, we were unable to derive optimal parameters from the specified range of
values.
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2.7 Pseudocode

1: Import necessary libraries numpy, sklearn, matplotlib ..

2: Load/sample the dataset

dataset ← load dataset containing Charge/Discharge data

3: Split the dataset into Charge and Discharge datasets

chargeDataset ← split dataset to get Charge data

dischargeDataset ← split dataset to get Discharge data

4: Handle missing values

handle missing values in chargeDataset

5: Split the data into training and testing sets

split data where SOC is the target feature

6: Define machine learning models for prediction

models ← [list of machine learning models]

7: Initialize an empty dictionary for results

results ← {}

8: function evaluate and print(model, X train, Y train, model name)

model.fit(X train, y train)

y pred ← model.predict(X test)

Calculate Evaluation metrics (MSE , RMSE , MAE, R2)

Store error metrics in results dictionary

results[model name] ← {MSE , RMSE , MAE, R2}

Create a scatter/line plot

plot(Y test ,Y pred )

9: end function
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10: for all model in models do

evaluate and print(model, X train, Y train, model name)

11: end for

12: Print results of each model’s prediction

print(results)

13: Plot actual vs predicted SOC for each model

For All model name in results

plot(actual vs predicted SOC)

End For

14: Save the best performing model for future use

best model ← get model with best performance from results

15: Import GridSearchCV for optimization

16: for all model in models do

param grid ← define parameter grid

gridSearch ← GridSearchCV(model, param grid, ’r2’, cv strategy)

gridSearch.fit(Xtrain, ytrain)

best params ← gridSearch.best params

best estimator ← gridSearch.best estimator

17: end for
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2.8 Model Deployment

in this section, we detail the hardware implementation of our project, which fo-
cuses on the real-time monitoring of the state of charge (SOC) of lithium-ion batteries
during the discharging cycles. This involves selecting the best-performing model, de-
ploying it on ESP32, and visualizing the results on a web page.

2.8.1 Selecting the best performing model

Following a comprehensive evaluation of various regression models, the Extra Tree
Regressor was selected due to its superior performance in predicting the SOC for
discharge cycles, making it the ideal choice for real-time monitoring applications.

2.8.2 Saving the trained model

To enable real-time predictions, the trained Extra Tree Regressor model was saved
in the (.sav) format using the Pickle library. Pickle allows us to serialize the model,
preserving its state and weights. This ensures the model can be easily loaded and
used for predictions without the need for retraining.

2.8.3 Creating the server using Flask

A server was developed using Flask, a lightweight web framework for Python. This
server receives data related to the battery’s current, voltage, and temperature cap-
tured from various sensors to the esp32 (see circuit in fig 2.7) which was programmed
using Thony IDE, and then fits this data to the pre-trained model (in .sav format)
to predict the corresponding SOC.

2.8.4 Displaying results on a web page

The results of the SOC estimation are displayed on a web page. The web page
compares the predicted SOC value with the actual SOC value, providing a clear and
user-friendly visualization of the model’s performance in both discharging modes. Fig
2.6 shows the monitoring of the results of state of charge during discharge mode in a
web page.

2.8.5 Conclusion

In conclusion, this hardware implementation showcases the practical application
of our research findings. By selecting the best-performing model and deploying it onto
an ESP32 microcontroller for real-time monitoring. This system provides a reliable
and user-friendly method for real-time battery monitoring.
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Figure 2.6: Discharging mode results presented on a web page.

Figure 2.7: Battery data collecting circuit.
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Conclusion

In this chapter, we have outlined the overall methodology employed to train, eval-
uate, and compare various regression models for predicting the state of charge (SOC)
of lithium-ion batteries. By following a systematic approach including data prepro-
cessing, model training, evaluation, and hyperparameter optimization, we aimed to
identify the most effective model for our prediction task. The utilization of Grid-
SearchCV for hyperparameter tuning enabled us to develop our models, although it
yielded mixed results across different models. The findings from these methodological
steps lay the groundwork for the detailed analysis and discussions presented in the
following chapter.
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Introduction

In this chapter, we will present and discuss the obtained results, as well as a

detailed analysis of the performance of various machine learning models in predicting

the state of charge (SOC) of lithium-ion batteries. Our focus is on comparing machine

learning models’ performance, and exploring the impact of sampling, optimization and

including temperature as a feature.

3.1 Presentation of Results

We start by showcasing the performance metrics of each model. These metrics

include the coefficient of determination (R2), Mean Absolute Error (MAE), and Root

Mean Squared Error (RMSE). These metrics provide a comprehensive understanding

of how well each model captures the underlying patterns in the data and predicts the

target variable.

3.1.1 Results of the disharge cycles

model/evaluation R2 MAE RMSE

Lasso 0.440520 17.516225 21.634235

KNeighborsRegressor 0.918980 4.695400 8.232780

LinearRegression 0.440387 17.442982 21.636800

CatBoostRegressor 0.964902 3.438097 5.418612

ExtraTreesRegressor 0.981254 1.998865 3.960077

RandomForestRegressor 0.978734 2.192992 4.217876

XGBRegressor 0.966208 3.344424 5.316899

DecisionTreeRegressor 0.961061 2.598255 5.707416

GradientBoostingRegressor 0.904167 6.565596 8.953772

Table 3.1: Evaluation metrics of Discharge Cycles
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Analysis:

The Extra Trees Regressor is the most effective model for theDischarge dataset,

followed closely by the Random Forest Regressor and XGBRegressor. These

models show the highest R2 values and the lowest error metrics, making them the best

choices for accurate predictions. Traditional models like Lasso Regression and Linear

Regression perform poorly in comparison, indicating that more complex ensemble

methods are better suited for this problem, and that the output “SoC” not have a

liner relationship with the inputs (voltage, current, temperature).

3.1.2 Results of the charge cycles

model/evaluation R2 MAE RMSE
Lasso 0.717477 11.811579 15.527722
KNeighborsRegressor 0.911580 3.733305 8.686714
LinearRegression 0.717931 11.800901 15.515255
CatBoostRegressor 0.929583 4.443967 7.752089
ExtraTreesRegressor 0.975732 1.545410 4.550950
RandomForestRegressor 0.973361 1.712858 4.768001
XGBRegressor 0.932529 4.296816 7.588190
DecisionTreeRegressor 0.947810 1.744184 6.673812
GradientBoostingRegressor 0.885620 5.892310 9.880000

Table 3.2: Evaluation metrics of Charge Cycles

Analysis:

The ExtraTreesRegressor and RandomForestRegressor demonstrated the best

overall performance across all metrics, making them the most suitable models for the

Charge dataset. they provide the most accurate and reliable predictions, followed

closely by the DecisionTreeRegressor, and as said for discharge dataset liner re-

gression an lasso performed poorly because there was no liner relationship between

the input and the output. For future development and deployment, the recommended

models are ExtraTrees, RandomForest and DecisionTree Regressors.
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3.2 Graphical Representation

To present a clearer view of the models’ performances, visual representations of
the results are included. Graphs comparing predicted values with actual values help
illustrate the accuracy and precision of each model. These visuals are crucial for
detecting patterns or systematic errors in the predictions.

Discharge Cycles

Below are scatter plots of the discharge dataset, showing predicted values (blue points)
versus actual values (red line) of 1929 samples out of a total of 38591 samples. Please
note that only 5% of the values are displayed to enhance the graph’s readability with-
out compromising the information provided.

Figure 3.1: LR Figure 3.2: KNR Figure 3.3: lasso

Figure 3.4: gbr Figure 3.5: DTregressor Figure 3.6: CBR

Figure 3.7: etregressor Figure 3.8: rfr Figure 3.9: xgboost
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Analyze scatter plots of discharge cycles:
The information deduced form the graphs are compatible from what is mentioned in
the table. This consistency indicates that the models with high error rates consis-
tently deviate significantly from the actual values, while those with lower error rates
demonstrate predictions that closely align with the actual data.

Charge Cycles

Below are scatter plots of the Charge dataset, showing predicted values (blue points)
versus actual values (red line) of 8172 samples out of a total of 163443 samples. Please
note that only 5% of the values are displayed to enhance the graph’s readability with-
out compromising the information provided.

Figure 3.10: LR Figure 3.11: lasso Figure 3.12: KNR

Figure 3.13: CBR Figure 3.14: gbr Figure 3.15: etregressor

Figure 3.16: DTregressor Figure 3.17: rfr Figure 3.18: xgboost
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Analyze scatter plots of charge cycles:
As mentioned in the Analyze of discharge cycles the information deduced form the
graphs are compatible with what is mentioned in the table ,where this information
indicates that the models with high error rates consistently deviate significantly from
the actual values, while those with lower error rates demonstrate predictions that
closely align with the actual data, although is not as precise and accurate as the
discharge results .

3.3 Optimization

Hyperparameter tuning is a crucial step in building machine learning models, as
the default parameters of a model might not always give the best performance. This
section is about optimizing these parameters to improve the model’s performance.

In this case, GridSearchCV is used to find the optimal parameters for the our
models. This include parameters like the learning rate, maximum depth of the trees,
number of trees and so on.

The models are fine-tuned through grid search, resulting in various improvements.
Below are the models that were enhanced after optimization, along with their optimal
parameters.

model/evaluation R2 MAE RMSE

xgb opt 0.9713 2.416603 4.649071

DTregressor opt 0.96405 2.686923 5.146051

gbr opt 0.9734 2.394721 4.433793

Table 3.3: optimization results of Discharge cycles

Figure 3.19: optimal parameters of the enhanced models (discharge cycles)
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visual representations of discharge cycles after optimization:

Figure 3.20: gbr Figure 3.21: DTregressor Figure 3.22: xgboost

model/evaluation R2 MAE RMSE

xgb opt 0.95538 2.434957 6.049739

DTregressor opt 0.9511 2.328652 6.132173

gbr opt 0.966635 2.587810 5.336135

Table 3.4: optimization results of Charge cycles

Figure 3.23: optimal parameters of the enhanced models (charge cycles)

visual representations of charge cycles after optimization:

Figure 3.24: xgb Figure 3.25: DTregressor Figure 3.26: gbr



CHAPTER 3. RESULTS AND DISCUSSION 52

Assessing the Impact of Temperature Parameter on Model Performance

R2 MAE RMSE
Lasso 0.697837 12.260779 16.058376
KNeighborsRegressor 0.899474 5.270680 9.262309
LinearRegression 0.698184 12.243111 16.049155
CatBoostRegressor 0.888151 6.180162 9.770035
ExtraTreesRegressor 0.897591 5.200063 9.348677
RandomForestRegressor 0.902601 5.209244 9.117138
XGBRegressor 0.889185 6.126000 9.724773
DecisionTreeRegressor 0.829624 6.199070 12.058288
GradientBoostingRegressor 0.863098 6.959878 10.809012

Table 3.5: Discharge cycles (without Temperature parameter)

R2 MAE RMSE
Lasso 0.398428 18.123801 22.433294
KNeighborsRegressor 0.836216 7.394032 11.705353
LinearRegression 0.398318 18.056626 22.435349
CatBoostRegressor 0.864462 7.146515 10.648281
ExtraTreesRegressor 0.879684 6.028250 10.032559
RandomForestRegressor 0.878334 6.149669 10.088648
XGBRegressor 0.867518 6.977616 10.527543
DecisionTreeRegressor 0.785730 7.379432 13.388448
GradientBoostingRegressor 0.787143 10.148881 13.344207

Table 3.6: Charge cycles (without Temperature parameter)

Analysis of Tables Demonstrating the Impact of Temperature Parameter

It is clear that the temperature parameter has a significant impact on model
performance. When the temperature parameter is removed, the accuracy of discharge
cycles decreases by more than 7%, and for charge cycles, it decreases by more than
10%.
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3.4 Discussion of Results

In this section, we dig deeper into the findings. We interpret the results, explore
the reasons behind the models’ performances, and discuss any unexpected outcomes.
This discussion provides a critical analysis of the results.

Evaluation Metrics Relationship
this part shows the relationship between the evaluation metrics R2, RMSE, and

MAE and whether they represent the same aspects of model performance ,and does
the models’ performance consistently represented across different metrics.

While R2 measures how well the model explains the variance in the data, RMSE
and MAE assess the actual prediction errors. A high R2 does not necessarily imply
low RMSE or MAE. However, our models consistently achieved high R2 values
along with low RMSE and MAE, indicating their reliability and demonstrating
that these evaluation metrics represent consistent aspects of model performance.

Superior Performance of Tree-Based and Boost-Based Models

Our results clearly indicate that tree-based and boost-based models outperform
linear models in predicting the SOC. This can be attributed to the capabilities of
these models to handle complex, non-linear relationships and interactions between
features, which are common in our dataset.

• Tree-Based Models: Models such as ExtraTreesRegressor, RandomForestRe-
gressor, and DecisionTreeRegressor excel in capturing the intricate patterns
within the data. These models can split the data into homogenous subgroups,
making them particularly effective for our application where the relationship
between the input variables and the SOC is non-linear and multifaceted.

• Boost-Based Models: CatBoostRegressor, XGBRegressor, and GradientBoost-
ingRegressor showed remarkable performance due to their ability to sequentially
correct errors of the previous models. The iterative boosting process enhances
their accuracy, making them robust against overfitting and capable of providing
superior predictions.

• In contrast, linear models like Lasso and LinearRegression assume a linear re-
lationship between the dependent and independent variables. Given the com-
plexity of our dataset, these models failed to capture the intricate dependencies,
resulting in lower predictive accuracy.
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Superior Results for Discharge Cycles
For discharge cycles, six models achieved an accuracy range of 96% to 98%,

whereas for charge cycles, five models attained an accuracy range of 96% to 97%.
Notably, despite the smaller dataset size used for discharge cycles compared to charge
cycles, the models used on Discharge Cycles demonstrated superior performance.

Comprehensive Dataset Coverage
This section highlights the work done on the dataset and its relationship with

the results. The dataset was sampled by selecting CSV files at regular intervals to
cover a wide range of details, ensuring that our models are trained and tested on
diverse data points. This approach guarantees that our results are reliable
and representative, and It does not express only a small part of the dataset.

Consideration of Temperature Parameter
It is worth noting that a key aspect of our study is the inclusion of temperature as

a feature in predicting the State of Charge (SOC). By incorporating temperature
as an input (feature), we have achieved accurate SOC estimation results,
ensuring accounting for its effect, while Traditional methods often overlook the
temperature parameter, focusing only on current and voltage.

Optimization using GridSearch

To further improve our models performance, we employed GridSearch for hyper-

parameter optimization. This process involved searching through a predefined grid of

hyperparameters to identify the optimal settings for each model. Notably, the Gradi-

ent Boosting Regressor and Decision Tree Regressor showed significant improvement

after optimization. For instance, the Gradient Boosting Regressor achieved

an R2 increase of 7.8% and a reduction in RMSE and MAE by 4.5 and

2.8, respectively. Similarly, the Decision Tree Regressor exhibited enhanced accu-

racy. These improvements demonstrate the importance of hyperparameter tuning in

maximizing the accuracy of machine learning models.
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Conclusion

In summary, our analysis shows that advanced machine learning models, partic-
ularly tree-based and boost-based approaches, significantly outperform linear models
in predicting the SOC of lithium-ion batteries. The models demonstrated superior
performance in discharge cycles, achieving high accuracy despite the dataset’s com-
plexity. The inclusion of temperature as a feature proved crucial in capturing its
effect on SOC. Our data sampling method ensured comprehensive coverage, leading
to reliable and generalizable results. The evaluation metrics consistently reflected
model performance and hyperparameter tuning was essential in optimizing model ef-
fectiveness. These findings highlight the potential of machine learning techniques in
enhancing dealing with one of the important parameters of Li-ion batteries (state of
charge).



Conclusion

This thesis presents a novel solution for predicting the state of charge (SOC) of
lithium-ion batteries, which is a crucial parameter for their efficient performance,
extending life time and safe operation. Utilizing a data-driven approach (learning
algorithms), we addressed the limitations of conventional methods, which often fail
to account for effective variables like temperature, where this parameter (ie: temper-
ature) is considered by including it as a feature of the used ML models and proved
to have a significant impact on the model’s performance.

Nine different regression models were initially evaluated, among of them were
tree-based methods including Decision Tree, Random Forest, and ExtraTree Regres-
sors and boost-based such as XGB, Gradient Boosting and Cat Boost Regressors.
Also, linear-based models like Linear Regressor and Lasso were considered. Notably,
the advanced machine learning models (tree-based and boost-based) demonstrated
superior performance compared to linear models. Furthermore, the models were op-
timized using Hyperparameter tuning, particularly through GridSearchCV method
,yielding a significantly performance improvement especially for XGB and Gradient
Boosting Regressors for both discharge/charge cycles, then XGB model was selected
to be deployed onto an ESP32 microcontroller for real-time monitoring, showcasing
practical application and implementation of the research findings.

These findings illustrate the superiority of advanced machine learning models
(tree-based and boost-based) in handling the complexities of battery SoC predic-
tion, especially under varying operational conditions. Through this research, we have
demonstrated that data-driven approaches not only provide high accuracy but also
offer a robust and reliable solution for SOC estimation in lithium-ion batteries.
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