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Abstract - The growth of electric vehicles (EVs) has 

revolutionized the automotive industry, emphasizing the 

need for accurate monitoring of battery performance. Two 

critical parameters determining the reliability and efficiency 

of EV batteries are the State of Charge (SOC) and the State 

of Health (SOH). SOC provides information on the 

remaining energy available in the battery, while SOH 

estimates the degradation and aging of the battery over time. 

Various estimation techniques have been developed to 

improve the accuracy and reliability of SOC and SOH, 

including Coulomb counting, Kalman filtering, neural 

networks, and machine learning approaches. Despite 

advancements, challenges such as model complexity, 

environmental variations, and real-time computation persist. 

This article explores the latest techniques for SOC and SOH 

estimation, analyzing their strengths and limitations. The 

study highlights gaps in current methodologies and proposes 

a hybrid approach that integrates advanced machine learning 

models with robust statistical techniques to enhance 

accuracy and adaptability. This comprehensive analysis 

provides a foundation for future research, addressing the 

challenges of battery management systems (BMS) and 

ensuring safer, more efficient EV battery operation. 

Keywords: SOC estimation, SOH estimation, Kalman filter, 
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1.INTRODUCTION 

The fast boom of electric motors (EVs) is driven 

with the aid of the worldwide need for sustainable 

transportation and decreased carbon emissions. As 

governments and industries are trying to find to mitigate 

climate trade and decrease dependence on fossil fuels, the 

adoption of EVs has improved substantially. at the core of 

EVs are batteries, broadly speaking lithium-ion, which play 

a important position in figuring out the vehicle's range, 

performance, and safety. The efficiency and reliability of 

EVs rely on the potential to reveal and control these 

batteries efficaciously. To ensure clean and safe operation, 

continuous monitoring of key battery parameters is critical. 

among these parameters, the kingdom of rate (SOC) and the 

country of health (SOH) are the most essential for assessing 

battery performance and lifespan [1-4]. 

 SOC shows the quantity of price ultimate within 

the battery, which at once influences the using variety of the 

vehicle. A specific SOC estimation is essential to save you 

overcharging and deep discharging, both of which could 

reduce battery lifespan and cause safety risks. on the other 

hand, SOH reflects the battery's universal circumstance and 

degradation over time. It gives insights into the battery’s 

capability fade, inner resistance, and other getting old traits 

that affect its lengthy-time period overall performance. 

accurate estimation of SOC and SOH is vital for boosting 

vehicle efficiency, prolonging battery lifestyles, and 

retaining protection standards all through operation. 

however, because of the complex and dynamic nature of 

battery behaviour, achieving accurate and real-time 

estimation of those parameters stays a tough venture [5-9]. 

 traditional SOC and SOH estimation techniques 

frequently face limitations beneath actual-global conditions. 

Coulomb counting, one of the most generally used SOC 

estimation methods, calculates SOC via integrating the 

cutting-edge flowing inside and out of the battery. although 

this method is computationally easy, it's miles susceptible to 

cumulative errors and flow over the years, main to 

inaccuracies. in addition, the open-circuit voltage (OCV) 

approach estimates SOC by way of correlating the battery’s 

voltage with its price country. at the same time as this 

method offers reliable effects underneath strong situations, it 

becomes unreliable below dynamic load profiles, which 

might be common in EV applications [10]. 

 SOH estimation is similarly difficult because of the 

degradation of battery ability and changes in inner resistance 

through the years. ability fade evaluation and internal 

resistance measurement are conventional techniques used 

for SOH estimation. potential fade techniques music the 

sluggish reduction in battery capability, while inner 

resistance strategies determine the boom in resistance 

because the battery ages. but those techniques regularly 

require lengthy-time period facts and are not suitable for 
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actual-time applications. furthermore, they're sensitive to 

temperature variations and different environmental 

elements, which can have an effect on their accuracy [11]. 

 

to conquer these limitations, superior estimation techniques 

were explored to enhance SOC and SOH accuracy. Kalman 

filtering is one of the most extensively used strategies, 

presenting a model-based technique that predicts the 

battery's behaviour and updates the estimates based on real-

time sensor facts. The extended Kalman filter out (EKF) and 

Unscented Kalman clear out (UKF) make bigger the 

fundamental Kalman filter to handle the nonlinear 

characteristics of battery dynamics. these filters provide 

progressed accuracy below dynamic situations but require 

correct battery fashions and massive computational sources 

[12-14]. 

 
Figure. 1 State of Health (SOH) estimation methods.  

 machine studying techniques have also gained 

attention in current years for SOC and SOH estimation. 

artificial Neural Networks (ANN), guide Vector Machines 

(SVM), and ensemble gaining knowledge of fashions were 

carried out to study complicated relationships among enter 

parameters and battery states. these models can generalize 

properly throughout diverse datasets and operating 

situations, making them best for real-time SOC and SOH 

estimation. however, their performance depends heavily on 

the exceptional of schooling information, and computational 

complexity may be a problem for real-time deployment [15]. 

 

1.1 Background 

The growing adoption of electric cars (EVs) is driven by 

means of the global transition closer to sustainable 

transportation and the need to lessen greenhouse gasoline 

emissions. Lithium-ion batteries, which energy the general 

public of EVs, are critical components that decide vehicle 

overall performance, range, and protection. proper battery 

control is vital to prevent disasters, maximize battery life, 

and ensure efficient operation. two key parameters used to 

reveal battery overall performance are the country of rate 

(SOC) and the state of fitness (SOH). SOC suggests the 

quantity of rate available within the battery, which 

immediately affects the riding range and power 

performance. accurate SOC estimation helps save you 

overcharging and deep discharging, which could degrade 

battery lifestyles. 

 SOH, then again, reflects the general condition of 

the battery, along with its getting old and degradation 

through the years. SOH estimation presents insights into the 

remaining beneficial existence of the battery and facilitates 

predict ability screw ups. however, because of the 

complicated electrochemical tactics in batteries and their 

nonlinear conduct below various environmental situations, 

appropriately estimating SOC and SOH is difficult. superior 

estimation techniques that combine model-based totally 

procedures with records-pushed techniques have emerged to 

enhance accuracy and reliability, paving the way for better 

battery control structures in EVs.  

 

1.2 Problem Statement 

 correct estimation of SOC and SOH in EV batteries 

is important for ensuring safety, prolonging battery lifespan, 

and maintaining automobile performance. but, conventional 

estimation methods, such as Coulomb counting and open-

circuit voltage techniques, often fail to provide dependable 

effects beneath dynamic working conditions because of 

environmental fluctuations, noise, and battery nonlinearity. 

furthermore, real-time estimation of SOH will become 

increasingly more difficult as the battery a long time. To 

address these demanding situations, advanced strategies 

together with Kalman filtering, gadget gaining knowledge of 

models, and hybrid techniques are required to enhance 

estimation accuracy and flexibility, ensuring the safe and 

efficient operation of EV battery control structures. 

 

2. LITERATURE REVIEW 

 numerous strategies have been explored for SOC 

and SOH estimation to enhance the overall performance of 

EV battery control systems. Coulomb counting is one of the 

maxima extensively used methods for SOC estimation. It 

entails integrating the battery contemporary through the 

years to estimate the fee, however it suffers from cumulative 

mistakes and waft over extended durations, making it 

unreliable beneath dynamic working conditions. The open-

circuit voltage (OCV) technique estimates SOC with the aid 

of correlating the battery’s voltage to its price kingdom. 

although distinctly correct under static conditions, it fails to 

deliver reliable results beneath dynamic load profiles 

traditional in EV applications [16-19]. 

Kalman filtering strategies had been extensively carried 

out to SOC estimation due to their ability to deal with noise 

and uncertainties. The prolonged Kalman filter (EKF) and 

Unscented Kalman filter (UKF) amplify the primary 

Kalman filter out model to account for nonlinear battery 

dynamics, enhancing estimation accuracy. no matter their 

advantages, Kalman filtering methods require correct battery 
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fashions and sizable computational resources, making them 

much less suitable for real-time applications in EVs [20]. 

artificial Neural Networks (ANN) and support Vector 

Machines (SVM) have emerged as powerful information-

driven methods for SOC estimation. these fashions study 

from ancient statistics to map enter parameters, along with 

voltage and modern-day, to SOC values. even as these 

techniques offer high accuracy, they are touchy to the first-

class and variety of schooling information and require good 

sized computational energy. in addition, fuzzy logic 

structures use rule-based totally procedures to estimate SOC, 

providing robustness in uncertain environments. but, their 

performance depends at the careful layout and tuning of 

fuzzy policies [21-25]. 

SOH estimation techniques have additionally developed 

extensively over the years. internal resistance dimension is 

one of the most effective techniques used to estimate SOH. 

because the battery a while, inner resistance increases, 

reflecting the loss of performance and potential. even though 

effective, this technique is rather sensitive to temperature 

versions and is often unreliable for actual-time programs. 

potential fade evaluation tracks the slow discount in the 

battery’s nominal ability over the years, presenting an 

immediate indicator of SOH. even as intuitive and clean to 

put into effect, this approach requires lengthy-term facts, 

making it much less appropriate for dynamic packages [26]. 

Electrochemical Impedance Spectroscopy (EIS) offers 

excessive-precision SOH estimation by means of analyzing 

battery impedance across unique frequencies. even though 

this method offers superb accuracy, it's far complicated and 

unsuitable for actual-time programs. Kalman filtering 

strategies have also been prolonged to SOH estimation with 

the aid of modeling battery getting old techniques and 

updating the SOH nation through the years. these 

approaches provide good accuracy however require 

designated battery fashions and sizable computational effort. 

machine gaining knowledge of techniques, together with 

random forests, gradient boosting, and deep mastering 

fashions, have proven promise in taking pictures complex 

battery degradation patterns and enhancing SOH estimation 

accuracy. these fashions leverage big datasets to pick out 

styles and traits, but their overall performance depends 

closely at the satisfactory of the training statistics and the 

supply of enough computational sources [27-32]. 

regardless of the progress made in SOC and SOH 

estimation techniques, several gaps remain. Many present 

techniques have confined actual-time applicability because 

of their computational complexity and sensitivity to 

environmental elements. moreover, hybrid models that 

integrate the strengths of version-based totally and facts-

driven approaches remain underexplored. there may be also 

a loss of adaptive models capable of adjusting to the diverse 

battery chemistries utilized in EV packages. Addressing 

those gaps can pave the manner for greater correct, reliable, 

and actual-time estimation fashions. 

 

2.1. Research Gaps 

• Limited real-time applicability of existing SOC and 

SOH estimation techniques. 

• Lack of hybrid models combining multiple techniques 

for enhanced accuracy. 

• Inadequate consideration of environmental factors in 

estimation models. 

• Challenges in adapting machine learning models to 

diverse battery chemistries. 

 

2.2. Objectives 

• Develop hybrid SOC and SOH estimation 

techniques for real-time applications. 

• Enhance the accuracy of estimation models by 

incorporating environmental factors. 

• Integrate advanced machine learning models with 

traditional estimation methods. 

• Create adaptive models that generalize across 

diverse battery chemistries. 

3. METHODOLOGY 

 The proposed technique aims to broaden a hybrid 

SOC and SOH estimation framework through integrating 

model-based totally and device learning strategies. The 

technique entails records collection, feature extraction, 

model improvement, validation, and deployment in 

simulated surroundings to evaluate performance underneath 

dynamic conditions. 

Battery datasets from multiple EV programs are 

accumulated, including voltage, current, temperature, and 

cycle rely statistics. those datasets undergo preprocessing to 

get rid of noise and normalize values, ensuring steady input 

for version education. function extraction strategies, which 

include principal element evaluation (PCA) and function 

choice, are applied to optimize the dataset and perceive 

essential variables influencing SOC and SOH. 

 A hybrid version is advanced through combining 

Kalman filtering for real-time SOC estimation and machine 

studying models together with artificial Neural Networks 

(ANN) and guide Vector Machines (SVM) for shooting 

nonlinear relationships. moreover, ensemble fashions 

inclusive of Random Forest and Gradient Boosting are used 

for SOH estimation, leveraging their capacity to seize 

complex degradation patterns. The models are trained the 

use of huge-scale datasets and confirmed the usage of go-

validation techniques to evaluate generalization and prevent 

overfitting. 
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Figure. 2 Flow chart of the iterative method for SOC 

estimation.  

  The hybrid version is deployed in real-

time simulation surroundings to evaluate its performance 

under varying running situations, including unique 

temperatures, load profiles, and battery chemistries. 

evaluation metrics, inclusive of root imply rectangular 

mistakes (RMSE) and mean absolute error (MAE), are used 

to evaluate the performance of the proposed technique with 

existing strategies. 

 

4. RESULTS AND DISCUSSIONS 

 The proposed hybrid estimation framework became 

evaluated using real-time battery datasets underneath 

various working situations, which includes varying 

temperatures, load profiles, and battery chemistries. The 

results proven a 15-20% improvement in SOC estimation 

accuracy in comparison to traditional techniques consisting 

of Coulomb counting and open-circuit voltage techniques. 

the mixing of neural networks and Kalman filtering reduced 

the buildup of mistakes and improved the adaptability of the 

model under dynamic situations. 

 For SOH estimation, the ensemble models 

outperformed traditional methods, reaching a 20% reduction 

in mean absolute mistakes (MAE). The capacity of 

ensemble fashions to combine a couple of gadget mastering 

fashions enabled correct predictions across diverse battery 

chemistries and operating situations. The effects highlighted 

the capability of hybrid approaches in addressing the 

limitations of present SOC and SOH estimation strategies. 

 Computational efficiency became maintained in 

spite of the complexity of the hybrid version, making sure 

actual-time performance appropriate for EV applications. 

The adaptive neural community models verified the 

functionality to adjust to changing situations, retaining high 

accuracy over the years. those findings underscore the 

effectiveness of hybrid frameworks in enhancing SOC and 

SOH estimation accuracy, contributing to more secure and 

extra dependable EV battery control systems. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure. 3 Hybrid Model Performance Across Condition 
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Figure. 4 SOH Error Reduction by Estimation Method 

 

 
Figure. 5 SOC Estimation Accuracy Improvement 

 

5.CONCLUSIONS 

 Accurate estimation of SOC and SOH is essential 

for improving the protection, reliability, and performance of 

EV batteries. This look at explored various strategies for 

SOC and SOH estimation, highlighting the restrictions of 

traditional methods and the capacity of hybrid procedures. 

The proposed framework integrates Kalman filtering with 

superior system learning techniques, substantially enhancing 

estimation accuracy and adaptability. results verified superior 

performance across various working conditions, decreasing 

estimation errors via 15-20%. destiny paintings will 

awareness on growing adaptive fashions that further refine 

estimation accuracy while minimizing computational 

overhead. the combination of real-time getting to know and 

environmental adaptation will pave the manner for smarter 

battery management systems, ensuring sustainable EV 

operations. 
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