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Abstract: This article explores the crucial task of estimating State of Charge (SOC) in Hybrid Electric 

Vehicles (HEVs) and examines the applicability of various regression models for this purpose. We 

delve into the strengths and limitations of Linear Regression, Support Vector Regression (SVR), and 

Neural Network Regression (NNR) in the context of SOC estimation. Linear regression provides a 

simple and interpretable baseline, SVR extends this to nonlinear relationships, while NNR emerges 

as a powerful tool with adaptive capabilities. The choice of model depends on factors such as data 

characteristics, interpretability, and computational resources. As the field evolves, the article 

advocates for a nuanced approach, possibly incorporating hybrid models, to achieve robust and 

accurate SOC estimation, contributing to the ongoing enhancement of HEV efficiency and 

sustainability. 

Keywords: Hybrid Electric Vehicles (HEVs); State of Charge (SOC); MACHINE LEARNING; 

Support Vector Regression (SVR); Neural Network Regression (NNR) 

 

I. Introduction 

In the rapidly evolving landscape of transportation, the development of energy-efficient and 

sustainable mobility solutions has become imperative. Hybrid Electric Vehicles (HEVs) stand at the 

forefront of this paradigm shift, offering a harmonious blend of conventional and electric 

powertrains. Central to the optimal functioning of HEVs is the precise estimation of the State of 

Charge (SOC) of their high-voltage battery systems [1]. SOC, representing the remaining energy 

capacity in the battery, plays a pivotal role in orchestrating the delicate balance between electric and 

internal combustion propulsion systems within these vehicles [2]. The urgency for accurate SOC 

estimation arises from the multifaceted challenges faced by traditional methods [3]. Voltage-based 

methods, ampere-hour counting, and open-circuit voltage methods, while providing reasonable 

estimates in controlled environments, falter when exposed to the complexities of real-world driving 

conditions [4]. As HEVs traverse dynamic terrains, experience varying environmental conditions, 

and utilize batteries with diverse chemistries, the limitations of traditional SOC estimation methods 

become increasingly apparent [5]. 

Traditional methods often struggle to accurately estimate SOC when confronted with the 

nonlinear discharge and charge patterns inherent in HEV battery operation [6]. This limitation can 

lead to suboptimal energy utilization and compromise the overall efficiency of the vehicle. The 

sensitivity of SOC estimation to environmental factors, especially temperature, poses a considerable 

challenge [7]. Traditional methods may inadequately compensate for these variations, resulting in 

estimation errors and diminished reliability in real-world driving scenarios. The diverse landscape 

of battery chemistries employed in HEVs requires adaptable SOC estimation methods [8]. Traditional 

approaches may lack the flexibility needed to cater to the unique characteristics of different battery 

types, limiting their applicability [9]. HEVs frequently operate under dynamic conditions, including 
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regenerative braking, rapid acceleration, and load variations [10]. Traditional methods struggle to 

capture the rapid fluctuations in SOC under these scenarios, impacting the accuracy of estimation. 

Addressing these challenges necessitates a paradigm shift in SOC estimation methodologies. The 

integration of machine learning-based regression models emerges as a promising solution, offering a 

more nuanced and adaptable approach to the intricacies of SOC estimation in HEVs [11]. 

Machine learning, a subfield of artificial intelligence, empowers systems to learn and adapt from 

data, providing a dynamic framework for SOC estimation [12]. Within the realm of machine learning, 

regression models stand out as potent tools for predicting continuous variables, making them well-

suited for the task of estimating SOC [13]. Machine learning-based regression models exhibit a 

remarkable ability to adapt to diverse battery chemistries, dynamic operating conditions, and 

environmental variability [14]. This adaptability addresses the shortcomings of traditional methods 

and enhances the accuracy and robustness of SOC estimation [15]. The nonlinear relationship 

between battery parameters and SOC is more effectively captured by regression models [16]. 

Traditional linear methods struggle to represent the intricate dependencies within the data, limiting 

their ability to provide accurate estimates [17]. Some machine learning models offer the potential for 

real-time SOC estimation, a critical feature for optimizing energy management and ensuring 

responsive control in HEV operations [18]. 

The primary objective of this comprehensive review paper is to delve into the nuances of 

machine learning-based regression models for SOC estimation in HEVs. By providing an in-depth 

exploration of methodologies, key findings, and implications, this paper aims to contribute to the 

growing body of knowledge surrounding the convergence of machine learning and sustainable 

transportation. 

The subsequent sections of this paper are meticulously structured to provide a comprehensive 

understanding of the application of machine learning-based regression models for SOC estimation in 

HEVs. Section 2 offers a detailed background on HEVs, emphasizing the pivotal role of SOC in their 

operation. Section 3 delves into the realm of machine learning for SOC estimation, elucidating the 

significance of regression models and their application in the context of HEVs. In section 4, we will 

have results. In summary, this paper endeavors to serve as a beacon in the exploration of machine 

learning-based regression models for SOC estimation in HEVs, offering insights and perspectives 

that contribute to the ongoing discourse on sustainable transportation and energy-efficient mobility 

solutions. 

II. Background of soc in hevs 

HEVs represent a pivotal development in the evolution of the automotive industry, designed to 

bridge the gap between traditional internal combustion engine vehicles and fully electric vehicles [3]. 

These innovative vehicles incorporate both an internal combustion engine and an electric motor, 

offering improved fuel efficiency, reduced emissions, and increased energy efficiency compared to 

their conventional counterparts. Fundamental to the effective operation of HEVs is the precise 

monitoring and estimation of the SOC of the vehicle's energy storage system, typically a high-voltage 

battery pack [8]. 

A. Definition and Significance of SOC 

SOC is a critical parameter that indicates the amount of energy stored in the battery of an HEV 

at any given moment (equation (1)). It is often expressed as a percentage, where SOC signifies a 

completely discharged battery (0%) and a fully charged battery (100%). SOC estimation is essential 

because it enables the vehicle's control systems to make informed decisions about the use of electric 

power, optimizing fuel efficiency and extending the life of the battery [11]. 𝑆𝑂𝐶 (%) = 𝑄௨௦௘ௗ𝑄௧௢௧௔௟ × 100 
(1) 

Where, SOC% is the State of Charge as a percentage, Qused is the amount of charge used, and Qtotal 

is the total charge capacity of the battery. 
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Precise SOC estimation is crucial for several reasons: 

(1) Energy Management: HEVs operate by seamlessly switching between the internal combustion 

engine and the electric motor, depending on driving conditions and power demands. Accurate 

SOC estimation is instrumental in determining when to engage the electric motor or the internal 

combustion engine to ensure optimal energy management [3]. 

(2) Battery Health and Longevity: Inaccurate SOC estimation can lead to inadequate charging or 

discharging of the battery, potentially causing overcharging or deep discharging. Both of these 

scenarios can compromise battery health and significantly reduce its lifespan. Proper SOC 

management helps maintain battery health and prolong its operational life [5]. 

(3) Fuel Efficiency: Precise SOC estimation is crucial for maximizing fuel efficiency in HEVs. It 

ensures that electric power is used effectively during low-load conditions, reducing the reliance 

on the internal combustion engine and minimizing fuel consumption [6]. 

(4) Emissions Reduction: HEVs are renowned for their reduced emissions compared to traditional 

vehicles. Accurate SOC estimation plays a pivotal role in enabling the vehicle to operate in 

electric-only mode when possible, further reducing emissions and promoting environmental 

sustainability [9]. 

B. Challenges in SOC Estimation 

Despite the significance of SOC estimation, traditional methods have faced several challenges, 

hindering their accuracy and adaptability to the diverse operating conditions that HEVs encounter. 

Traditional methods for SOC estimation include voltage-based methods, ampere-hour counting, and 

open-circuit voltage methods. While these methods can provide reasonable estimates under specific 

conditions, they struggle to overcome the following challenges: 

(1) Inaccuracies: Traditional methods often result in inaccurate SOC estimates, particularly when 

the battery's discharge and charge patterns are nonlinear. These inaccuracies can lead to 

suboptimal vehicle performance, reduced fuel efficiency, and decreased battery utilization [10]. 

(2) Environmental Variability: SOC estimation is sensitive to environmental factors, especially 

temperature. Variations in temperature can significantly affect battery performance and, 

consequently, SOC estimation. Traditional methods may not adequately account for these 

variations, resulting in estimation errors [14]. 

(3) Complex Battery Chemistry: HEV batteries employ various chemistries, each with its unique 

characteristics [17]. Traditional methods may not adapt well to the specific behaviors of different 

battery types, limiting their versatility. 

(4) Dynamic Operating Conditions: HEVs frequently operate in diverse and dynamic conditions, 

including regenerative braking, fast acceleration, and variations in load. Traditional methods 

may not accurately capture these dynamic changes in SOC, potentially leading to inaccurate 

estimations [19]. 

In response to these challenges, recent advancements have turned toward machine learning-

based regression models to address the intricacies of SOC estimation in HEVs. These models offer 

adaptability, accuracy, and robustness, which are essential for navigating the diverse challenges that 

arise in the operation of HEVs. This paper will delve further into the application of machine learning-

based regression models for SOC estimation in HEVs, examining their methodologies, key findings, 

and implications in depth. 

III. Machine Learning for SOC Estimation in HEVs 

In the pursuit of refining SOC estimation in HEVs, the integration of machine learning 

represents a paradigm shift that transcends the limitations of traditional methods. This section delves 

into the realm of machine learning, elucidating the significance of regression models and their 

application in the context of HEVs. 
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A. The Essence of Machine Learning in SOC Estimation 

Machine learning, a subfield of artificial intelligence, empowers systems to learn from data and 

make informed decisions without explicit programming [20]. In the context of SOC estimation for 

HEVs, machine learning techniques offer a dynamic and adaptable approach, capable of learning 

intricate patterns and relationships within the data [21]. Machine learning's capacity for adaptation 

to diverse conditions, nonlinear relationship modeling, and real-time processing aligns seamlessly 

with the intricacies of SOC estimation in HEVs [22]. Unlike traditional methods that rely on 

predefined algorithms, machine learning models can evolve and improve their performance over 

time, making them well-suited for the dynamic nature of HEV operations [23]. 

B. The Significance of Regression Models in SOC Estimation 

Regression models within the domain of machine learning play a pivotal role in predicting 

continuous variables, making them particularly apt for estimating SOC. These models establish a 

mathematical relationship between input features and the target variable, allowing for the precise 

prediction of SOC based on the given data [24]. 

1) Linear Regression: 

Linear regression, a fundamental type of regression model, assumes a linear relationship 

between the input features and the target variable. While simplistic, it provides a baseline for 

understanding the general trend and can be a valuable starting point for SOC estimation (Figure 1 

and equation (2)) [25]. 𝑆𝑂𝐶 = 𝛽଴ + 𝛽ଵ × 𝐹𝑒𝑎𝑡𝑢𝑟𝑒ଵ + 𝛽ଶ × 𝐹𝑒𝑎𝑡𝑢𝑟𝑒ଶ + ⋯ + 𝛽௡ × 𝐹𝑒𝑎𝑡𝑢𝑟𝑒௡ + 𝜀 (2) 

Where, β0,β1,βn are the coefficients, Feature1,Feature2, Featuren are the input features, and ε is the error 

term. 

Data
Linear Regression

x

y

 

Figure 1. Linear Regression. 

The use of linear regression for estimating SOC in HEVs comes with several advantages. Linear 

regression provides a clear and interpretable relationship between the independent variables (e.g., 

current, voltage, temperature) and the SOC. The coefficients in the regression equation indicate the 

magnitude and direction of the influence of each variable, offering valuable insights into the charging 

and discharging dynamics of the battery [26]. The linear regression model is relatively simple and 

computationally efficient compared to more complex modeling techniques. This simplicity facilitates 

easier implementation, understanding, and integration into real-time control systems of HEVs. 

Linear regression models can be easily updated and refined as new data becomes available [27]. This 

adaptability ensures that the model remains accurate and relevant over time, accommodating 

changes in battery behavior or system characteristics [28]. Linear regression effectively utilizes 

historical data to establish relationships between independent variables and SOC. This utilization of 

past information allows for the creation of a robust and reliable model, enhancing its predictive 

capabilities [29]. The simplicity of linear regression makes it computationally efficient, requiring 

fewer computational resources compared to more complex modeling techniques. This efficiency is 

particularly advantageous for on-board systems in HEVs, where computational resources may be 

limited [30]. Linear regression can be applied not only to estimate SOC but also to investigate the 

impact of different factors on battery performance. This versatility makes it a valuable tool for 
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researchers and engineers seeking a comprehensive understanding of the interactions within the 

hybrid system [31]. The simplicity and efficiency of linear regression contribute to its cost-

effectiveness, both in terms of model development and implementation. This makes it an attractive 

option for applications where cost considerations are significant [32]. 

While linear regression offers several advantages for estimating SOC in HEVs, it's essential to 

consider its limitations. Linear regression assumes a linear relationship between the independent 

variables and SOC [33]. If the true relationship is nonlinear, the model may not accurately capture 

the complexities of the system, leading to potential inaccuracies in predictions [34]. Linear regression 

is sensitive to outliers in the data. Unusual or extreme data points can disproportionately influence 

the regression coefficients, impacting the overall model performance [35]. The simplicity of linear 

regression, which is often an advantage, can be a limitation when dealing with highly complex 

systems. If the relationships between variables are intricate and nonlinear, a more sophisticated 

modeling technique may be required for accurate predictions [36]. Achieving the right balance in 

model complexity is crucial. Overfitting (capturing noise in the training data) or underfitting 

(oversimplifying the model) can both lead to poor generalization performance on new, unseen data 

[37]. Linear regression assumes that the residuals (the differences between predicted and actual 

values) are independent. If there is autocorrelation or dependence among residuals, it can affect the 

model's accuracy and reliability. Linear regression is designed for numeric data and may not be 

suitable for categorical variables without appropriate transformations [38]. This limitation may be 

relevant when dealing with non-numeric aspects of battery behavior. Linear regression assumes that 

the residuals are normally distributed. If the residuals deviate significantly from a normal 

distribution, it may affect the validity of statistical inferences [39]. The performance of a linear 

regression model heavily relies on the quality and representativeness of the training data. If the data 

is biased or not reflective of the full range of operating conditions, the model's predictions may lack 

accuracy. Linear regression models assume a static relationship between variables, which may not 

capture changes in battery behavior over time or due to aging effects. Dynamic and evolving systems 

may require more sophisticated modeling techniques [40]. All of these advantages and disadvantages 

were summarized in the Table I. 

TABLE I. THE ADVANTAGES AND DISADVANTAGES OF LINEASR REGRESSION. 

Ref. Advantages Disadvantages 

 

[26] 

Interpretability Linearity Assumption 

Simplicity Sensitivity to Outliers 

Real-time Predictions Limited Complexity 

Adaptability Overfitting/Underfitting 

[27] Data Utilization Assumption of Independence 

[28] 

Resource Efficiency Limited to Numeric Data 

Versatility Limited in Handling Non-Gaussian Residuals 

Cost-Effectiveness Data Quality Dependency 

[29] Ease of Implementation Static Nature 

[30] Versatile in Variable Types Multicollinearity 

[31] Model Transparency Limited for Time-Series Data 

[32] Assumes Homoscedasticity Dependence on Training Data  

[33] Efficient for Large Datasets Assumption of Normality 

[34] Facilitates Hypothesis Testing Limited for Complex Systems 

[35] Ease of Model Interpretation Limited Feature Engineering 

[36] Useful for Exploratory Analysis Limited in Handling Missing Data 

[37] Robust to Irrelevant Features Difficulty with Non-Continuous Variables 
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[38] Facilitates Model Comparison Vulnerability to Changes in Data Distribution 

2) Support Vector Regression (SVR): 

Support Vector Regression (SVR) is a non-linear regression model that leverages support vector 

machines to capture complex relationships in the data (Figure 2 and equation 3). The kernel function 

allows SVR to map the input features into a higher-dimensional space, facilitating the modeling of 

intricate SOC patterns [41]. 𝑆𝑂𝐶 = ෍ (𝛼௜ × 𝐾(𝑋௜ , 𝑋) + 𝑏) + 𝜀௡௜ୀଵ  
(3) 

That, αi are the support vector coefficients, K(Xi,X) is the kernel function, and b is the bias term. 

Data
Linear Regression
Boundary Lines

x

y

 

Figure 2. Support Vector Regression. 

SVR is a powerful machine learning technique that offers several advantages for estimating SOC 

in HEVs. SVR can capture nonlinear relationships between independent variables (such as current, 

voltage, and temperature) and SOC. This is particularly beneficial when the true relationships in the 

data are complex and cannot be adequately represented by linear models [27]. SVR is effective in 

high-dimensional spaces, making it suitable for applications where the number of independent 

variables is large. This is advantageous in the context of HEVs, where multiple factors can influence 

the battery's state [30]. SVR uses the kernel trick, allowing it to implicitly map input data into higher-

dimensional feature spaces. This can enhance the model's ability to capture intricate patterns in the 

data, providing a more accurate representation of the underlying relationships [33]. SVR is less 

sensitive to outliers in the data compared to traditional linear regression methods. The robustness to 

outliers is particularly valuable in real-world scenarios where data may contain noise or anomalies 

[35]. SVR aims to find a hyperplane that best fits the data while minimizing the error. This global 

optimization approach can lead to more accurate and generalized models, reducing the risk of 

overfitting to specific data points [36]. SVR allows for the use of different kernel functions, such as 

linear, polynomial, and Radial Basis Function (RBF) kernels. This flexibility enables the model to 

adapt to various data patterns and distributions [37]. SVR includes tuning parameters, such as the 

regularization parameter (𝛼௜) and kernel parameters. Proper tuning allows for optimization of the 

model's performance, making it adaptable to different datasets [38]. SVR uses a subset of training 

data points, known as support vectors, to define the regression function. This memory-efficient 

approach makes SVR suitable for large datasets without compromising performance [39]. SVR can 

perform well even when the number of training samples is relatively small. This is advantageous in 

situations where collecting extensive training data may be challenging or expensive [40]. SVR often 

provides high prediction accuracy, especially in situations where the relationships between variables 

are complex and nonlinear. This accuracy is crucial for reliable SOC estimation in HEVs. SVR tends 

to generalize well to unseen data, making it robust in scenarios where the model needs to perform 

accurately on new, previously unseen data points [41]. 

While SVR has several advantages, it also comes with certain disadvantages that need to be 

considered in the context of estimating SOC in HEVs. SVR can be computationally intensive, 

especially when dealing with large datasets or complex kernel functions. Training the model may 

require significant time and computational resources, making it less practical for real-time 

applications in certain cases [27]. The effectiveness of SVR is highly dependent on proper parameter 
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tuning, including the choice of the kernel and tuning parameters. Selecting the appropriate 

parameters can be challenging, and an improperly tuned model may lead to overfitting or 

underfitting [29]. SVR models, particularly with complex kernel functions, can be challenging to 

interpret. Understanding the impact of individual features on the prediction may not be as 

straightforward as in simpler models like linear regression [30]. While SVR is memory-efficient due 

to its reliance on support vectors, the storage requirements can still be substantial, especially when 

dealing with large datasets. This can limit its applicability in resource-constrained environments [32]. 

SVR can be sensitive to noise in the training data, especially when the dataset contains outliers. 

Outliers may become support vectors and disproportionately influence the model, potentially 

leading to suboptimal performance [33]. The inner workings of SVR, especially with complex kernels, 

can be considered a "black box." This lack of transparency may be a drawback in situations where 

interpretability and explainability are critical for decision-making [38]. SVR performance can be 

affected by the scale of the input features. It is often necessary to scale the features appropriately to 

ensure that the model is not biased towards variables with larger scales [39]. The presence of multiple 

parameters, such as the regularization parameter ( 𝛼௜ ) and kernel parameters, increases the 

complexity of hyperparameter tuning. Grid search or other optimization techniques may be required 

to find the optimal set of parameters [40]. SVR is designed for continuous data and may not handle 

categorical variables naturally. Preprocessing steps, such as one-hot encoding, may be necessary for 

datasets containing categorical features [41]. In cases where the kernel is too complex or the 

regularization parameter is too small, SVR may be prone to overfitting, capturing noise in the training 

data and leading to poor generalization on new data [42]. The computational and memory 

requirements of SVR may be challenging in resource-constrained environments, limiting its 

practicality in certain applications [43].    

All of these advantages and disadvantages were summarized in the Table II. 

3) Neural Network Regression: 

Neural Network Regression (NNR) models (Figure 3 and equation 4), inspired by the structure 

of the human brain, consist of interconnected nodes (neurons) organized in layers. These models can 

capture complex relationships and are particularly effective in situations where the relationship 

between input features and SOC is intricate and non-linear [44]. 𝑆𝑂𝐶 = 𝑓(𝑊ଶ. 𝑓(𝑊ଵ. 𝑋 + 𝑏ଵ) + 𝑏ଶ) (4) 

Which, W1, W2 are the weights, b1, b2 are the bias terms, f is the activation function, and X is the 

input features. 

X1

X2

X3

SOC

Input layer Hidden layer Output layer

 

Figure 3. Neural Network Regression. 
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TABLE II. THE ADVANTAGES AND DISADVANTAGES OF SVR. 

Ref. Advantages Disadvantages 

[26] Nonlinearity Handling Computational Intensity 

[27] High-Dimensional Spaces Model Complexity 

[28] Kernel Trick Interpretability 

[29] Robustness to Outliers Memory Usage 

[30] Global Optimization Sensitivity to Noise 

[31] Flexibility in Kernel Selection Black-Box Nature 

[32] Tuning Parameters Data Scaling Importance 

[33] Effective in Small Sample Sizes Large Parameter Search Space 

[34] Prediction Accuracy Limited Handling of Categorical Data 

[35] Generalization Capability Overfitting Risk 

[36] Resource Efficiency Resource Requirements 

[37] Ease of Model Comparison Limited Interpretability 

[38] Adaptability to Various Distributions Data Preprocessing Challenges 

[39] Robust to Irrelevant Features Limited Handling of Time-Series Data 

[40] Facilitates Hypothesis Testing Assumption of Homoscedasticity 

[41] Versatility in Problem Types Dependency on Kernel Choice 

[42] Ease of Hyperparameter Tuning Limited Handling of Missing Data 

[43] Robustness to Nonlinearities Difficulty with Non-Continuous Variables 

NNR offers several advantages for estimating SOC in HEVs. Neural Networks (NNs) can model 

complex, nonlinear relationships between input variables (such as current, voltage, and temperature) 

and SOC [36]. This flexibility allows them to capture intricate patterns that may be challenging for 

linear models [37]. NNs can adapt to different types of data and learn representations at various 

levels of abstraction. This adaptability makes them suitable for diverse and dynamic SOC estimation 

scenarios in HEVs [38]. NNs can automatically learn relevant features from the input data. This is 

especially beneficial when dealing with a large number of variables or when the relationships are not 

explicitly known [39]. NNs can capture interactions and dependencies between variables, allowing 

for a more comprehensive understanding of the complex dynamics affecting SOC. This is crucial in 

the context of HEVs, where multiple factors influence battery state [40]. NNs can take advantage of 

parallel processing capabilities, which can significantly speed up training and prediction processes. 

This is beneficial in applications where computational efficiency is essential [41]. NNs can handle 

noisy data and outliers to some extent. Their ability to generalize from diverse and potentially 

imperfect datasets makes them robust in real-world scenarios [42]. NNs excel at representation 

learning, automatically discovering relevant patterns and features within the data. This is 

advantageous when the relationships between variables are intricate or not well-defined [43]. NNs 

can adapt to changes in the underlying patterns of the data over time. This adaptability is crucial in 

dynamic environments where the behavior of the battery or the driving conditions may evolve [44]. 

NNs can naturally incorporate temporal information, making them suitable for time-series data. This 

is essential for SOC estimation in HEVs, where battery dynamics evolve over time [45]. NNs can 

effectively handle large datasets, which is beneficial when training on extensive historical data to 

improve model accuracy [46]. NNs allow for end-to-end learning, where the model learns the 

mapping from input to output directly. This can simplify the modeling process and reduce the need 

for extensive feature engineering [47]. NNs are versatile and can be applied to various regression 

tasks, including SOC estimation. Their architecture can be adjusted to suit the specific requirements 

of the problem at hand [48]. 
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While NNR has several advantages, it also comes with certain disadvantages that need to be 

considered in the context of estimating SOC in HEVs. Neural networks, especially deep architectures, 

can be prone to overfitting, particularly when the model complexity is high. This means the network 

may perform well on training data but generalize poorly to new, unseen data [29]. NNs often require 

a large amount of data for training to effectively capture the underlying patterns [30]. In scenarios 

where data is limited, the model's performance may suffer. Training NNs, especially deep 

architectures, can be computationally intensive. This may pose challenges in applications where real-

time predictions or resource constraints are critical [32]. NNs are often considered "black-box" 

models, meaning it can be challenging to interpret how the model arrives at a particular prediction. 

This lack of transparency can be a drawback in applications where interpretability is crucial [34]. NNs 

have several hyperparameters (e.g., number of layers, neurons per layer, learning rate) that need to 

be tuned for optimal performance. Finding the right combination can be a complex and time-

consuming process [35]. The performance of NNs is highly dependent on the quality, 

representativeness, and cleanliness of the training data. Noisy or biased data can lead to suboptimal 

models [40]. NNs can be sensitive to outliers in the training data. Outliers may disproportionately 

influence the network's weights, affecting the overall model performance [41]. NNs may require a 

large number of training samples to learn complex relationships effectively. In situations with limited 

data, the model may struggle to generalize well [42]. In deep NNs, the gradients during 

backpropagation can become extremely small (vanishing gradients) or large (exploding gradients). 

This can hinder the training process and affect convergence [43]. NN performance can be sensitive to 

the choice of initial weights. Poor initialization may lead to longer training times or convergence to 

suboptimal solutions [45]. NNs typically provide point predictions and do not naturally capture 

uncertainty. In situations where uncertainty estimation is crucial, additional techniques or model 

architectures may be required [48]. NNs can inadvertently learn biases present in the training data. 

Addressing ethical concerns related to bias and fairness requires careful attention to data selection 

and preprocessing. 

C. Evaluation Metrics 

Quantifying the performance of regression models requires the use of appropriate evaluation 

metrics. Common metrics include: 

(1) Mean Absolute Error (MAE): MAE represents the average absolute difference between actual (yi) 

and predicted (𝑦ො௜) SOC values. For this, we use equation (6) [42]: 𝑀𝐴𝐸 = 1𝑛 ෍ |𝑦௜ − yො୧|௡௜ୀଵ  
(6) 

(2) Root Mean Squared Error (RMSE): RMSE provides a measure of the average magnitude of the 

errors, giving more weight to larger errors compared to MAE. We will have [43]: 𝑅𝑀𝑆𝐸 = ඨ1𝑛 ෍ |𝑦௜ − yො୧|௡௜ୀଵ  

(7) 

Coefficient of Determination (R2): R2 assesses the proportion of the variance in the dependent 

variable that is predictable from the independent variables. A higher R2 value indicates better 

predictive performance. This metric is calculated by equation (8) [47]. 𝑅ଶ = 1 − ∑ (𝑦௜ − yො୧)ଶ௡௜ୀଵ∑ (𝑦௜ − 𝑦ത)ଶ௡௜ୀଵ  
(8) 
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TABLE III. THE ADVANTAGES AND DISADVANTAGES OF NNR 

Ref. Advantages Disadvantages 

[36] 
Nonlinear Mapping Complexity and Overfitting 

Highly Adaptive Data Requirement 

[37] 
Feature Learning Computational Intensity 

Ability to Model Interactions Difficulty in Interpretability 

[38] 

Parallel Processing Hyperparameter Tuning Complexity 

Robustness to Noisy Data Dependency on Quality of Data 

Capacity for Representation Learning Vulnerability to Outliers 

Adaptation to Changes Limited Sample Efficiency 

[39] Integration of Temporal Information Potential for Vanishing or Exploding Gradients 

[40] Ability to Handle Large Datasets Dependency on Initialization 

[41] End-to-End Learning Lack of Uncertainty Estimation 

[42] Versatility Ethical and Bias Concerns 

[43] Flexibility in Model Architecture Limited Interpretability 

[44] Automatic Feature Extraction Data Preprocessing Challenges 

[45] Adaptability to Dynamic Environments Difficulty with Non-Continuous Variables 

[46] Capability for Transfer Learning Lack of Guarantees on Convergence 

[47] Integration with Temporal Dependencies Limited Handling of Missing Data 

[48] Robustness to Irrelevant Features. Dependency on Batch Size 

IV. Conclusion 

The estimation of State of Charge (SOC) in Hybrid Electric Vehicles (HEVs) is a critical aspect of 

optimizing battery performance and enhancing overall vehicle efficiency. Various regression models, 

each with its distinct advantages and disadvantages, offer valuable tools for this estimation process. 

Linear regression, with its simplicity and interpretability, provides a baseline understanding of linear 

relationships within the data. Support Vector Regression (SVR) extends this capability to handle 

nonlinear patterns, making it suitable for complex relationships in high-dimensional spaces. On the 

other hand, Neural Network Regression (NNR) emerges as a powerful and adaptive approach, 

excelling in capturing intricate nonlinearities and adapting to diverse data types. The ability to 

automatically learn relevant features and model complex interactions positions NNR as a versatile 

tool for SOC estimation in the dynamic context of HEVs. However, the choice of regression model 

should be made judiciously, considering the specific requirements of the application. While NNR 

brings flexibility and adaptability, it comes with challenges such as computational intensity, 

interpretability concerns, and a higher demand for data. Linear regression and SVR, while more 

straightforward, may struggle with capturing complex patterns. The optimal selection of a regression 

model hinges on a thorough understanding of the data characteristics, the desired level of 

interpretability, and the computational resources available. In practice, a combination of these models 

or hybrid approaches may be considered for a more robust and accurate SOC estimation in HEVs. 
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