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Abstract: Hybrid Electric Vehicles represent a significant advancement in sustainable transportation by combining 
internal combustion engines with electric propulsion systems. The efficiency of HEVs largely depends on Energy 
Management Strategies, which control the distribution of power among various energy sources. Traditional EMS 
approaches often fail to handle complex and dynamic driving conditions efficiently. Artificial Intelligence-based 
techniques have emerged as powerful tools to enhance EMS by enabling adaptive, predictive, and real-time decision-
making. This review paper provides a comprehensive analysis of AI-driven EMS techniques such as fuzzy logic, artificial 
neural networks, genetic algorithms, reinforcement learning, and deep learning. It also discusses system architectures, 
real-world implementations, challenges, and future research directions. 
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I. INTRODUCTION 

The rapid increase in global energy demand and environmental concerns has led to the development of alternative vehicle 
technologies. HEVs are considered an effective solution due to their ability to reduce fuel consumption and greenhouse 
gas emissions while maintaining performance. However, the presence of multiple energy sources introduces complexity 
in managing energy flow efficiently. 
Energy Management Systems (EMS) are responsible for optimizing the power distribution between the engine and 
electric motor. Conventional EMS approaches rely on fixed rules or offline optimization techniques, which are not 
suitable for real-time applications under varying driving conditions. AI techniques provide adaptive and intelligent 
solutions by learning from data and improving decision-making over time (Salmasi, 2012; Zhang & Li, 2018). 

 
II. ARCHITECTURE OF HYBRID ELECTRIC VEHICLES 

A typical HEV consists of: 
1. Internal Combustion Engine (ICE)  
2. Electric Motor (EM)  
3. Battery Pack  
4. Power Electronics Converter  
5. Transmission System  

Based on configuration, HEVs are classified into: 
1. Series HEV  
2. Parallel HEV  
3. Series-Parallel (Power-split) HEV  

Each configuration requires a different EMS approach due to variations in power flow and system dynamics (Sciarretta 
& Guzzella, 2010). 
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III. ENERGY MANAGEMENT STRATEGIES: OVERVIEW 
1. Rule-Based Strategies 
These strategies use predefined rules derived from expert knowledge. They are easy to implement but lack adaptability 
and optimality. 
2. Optimization-Based Strategies 
Optimization techniques such as Dynamic Programming (DP) and Equivalent Consumption Minimization Strategy 
(ECMS) provide optimal solutions but are computationally expensive and not suitable for real-time applications 
(Paganelli et al., 2011). 
3. Need for AI-Based EMS 
AI-based EMS overcome the limitations of traditional methods by: 

 Adapting to real-time driving conditions  

 Learning from historical data  

 Providing predictive control  

 Handling nonlinear system dynamics  
 

IV. AI TECHNIQUES IN ENERGY MANAGEMENT SYSTEMS 
Artificial Intelligence techniques have emerged as a transformative approach in the design and implementation of Energy 
Management Systems (EMS), particularly in complex and dynamic environments such as Hybrid Electric Vehicles 
(HEVs), smart grids, and renewable energy systems. Traditional EMS approaches, which rely on rule-based logic or 
static optimization, often fail to adapt to real-time variations in demand, system conditions, and environmental factors. 
In contrast, AI-based EMS leverage data-driven models, learning algorithms, and predictive analytics to optimize energy 
distribution, enhance system efficiency, and reduce operational costs.  
One of the most widely used AI techniques in EMS is fuzzy logic control, which is particularly effective in handling 
uncertainties and nonlinearities inherent in energy systems. Fuzzy logic systems operate on linguistic rules rather than 
precise mathematical models, enabling them to mimic human decision-making processes. For instance, in HEVs, fuzzy 
logic controllers use inputs such as battery state of charge, vehicle speed, and load demand to determine the optimal 
power split between the internal combustion engine and electric motor. 
This approach provides robustness and simplicity, although it may require expert knowledge to design the rule base and 
may lack adaptability without continuous tuning. Another important AI technique is artificial neural networks (ANNs), 
which are inspired by the structure and functioning of the human brain. ANNs are capable of learning complex nonlinear 
relationships between inputs and outputs, making them highly suitable for modeling energy systems.  
In EMS applications, ANNs are used for tasks such as energy demand prediction, battery state estimation, and optimal 
control strategy development. By training on historical data, ANNs can generalize patterns and make accurate predictions 
under varying conditions. However, their performance depends heavily on the quality and quantity of training data, and 
they may suffer from issues such as overfitting and high computational requirements. Genetic algorithms, another class 
of AI techniques, are optimization methods based on the principles of natural selection and evolution.  
GAs are particularly useful for solving multi-objective optimization problems in EMS, such as minimizing fuel 
consumption while maximizing battery life and performance. These algorithms work by generating a population of 
potential solutions and iteratively improving them through processes such as selection, crossover, and mutation.  
Although GAs can find global optimal solutions, they are computationally intensive and may not be suitable for real-time 
applications without simplification. Reinforcement learning (RL) has gained significant attention in recent years as a 
powerful AI technique for EMS. Unlike supervised learning methods, RL does not require labeled data; instead, it learns 
optimal policies through interaction with the environment. In the context of EMS, an RL agent observes the state of the 
system, takes actions such as adjusting power distribution, and receives rewards based on performance metrics like fuel 
efficiency or emission reduction.  
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Over time, the agent learns to maximize cumulative rewards, resulting in an optimal control strategy. RL is particularly 
advantageous in dynamic and uncertain environments, as it can adapt to changing conditions and learn from experience. 
However, RL methods often require extensive training and may face challenges related to convergence and stability.  
The integration of deep learning with reinforcement learning, known as deep reinforcement learning, has further enhanced 
the capabilities of AI-based EMS. DRL combines the feature extraction power of deep neural networks with the decision-
making capabilities of RL, enabling the handling of high-dimensional state spaces and complex system dynamics. This 
makes it especially suitable for advanced EMS applications in HEVs and smart grids, where multiple variables and 
constraints must be considered simultaneously. In addition to these techniques, hybrid AI models that combine multiple 
approaches have been developed to leverage the strengths of each method.  
For example, fuzzy-neural systems integrate the interpretability of fuzzy logic with the learning ability of neural 
networks, while GA-RL hybrids use genetic algorithms to optimize RL parameters. These hybrid approaches often 
achieve better performance in terms of accuracy, adaptability, and computational efficiency. Another important aspect of 
AI-based EMS is predictive control, which involves forecasting future system states and making proactive decisions.  
Machine learning models, including support vector machines and deep neural networks, are used to predict energy 
demand, traffic conditions, and renewable energy availability. This information allows the EMS to plan energy usage in 
advance, thereby improving efficiency and reducing waste.  
For instance, in HEVs, predictive EMS can use route and traffic data to determine when to use electric power versus fuel, 
optimizing overall energy consumption. AI techniques also play a crucial role in battery management systems, which are 
integral to EMS. Accurate estimation of battery state of charge, state of health, and remaining useful life is essential for 
efficient energy management. AI models can analyze sensor data and identify patterns that indicate battery degradation 
or performance issues, enabling timely maintenance and improved reliability.  
Furthermore, AI-based thermal management systems can regulate the temperature of batteries and power electronics, 
ensuring optimal performance and longevity. Despite their advantages, AI-based EMS face several challenges that must 
be addressed for widespread adoption. These include high computational requirements, the need for large and high-
quality datasets, and difficulties in real-time implementation. Additionally, ensuring the reliability, safety, and 
interpretability of AI models is critical, especially in safety-critical applications like automotive systems.  
The development of explainable AI (XAI) techniques aims to address these concerns by providing insights into the 
decision-making process of AI models. Another emerging trend is the integration of AI-based EMS with Internet of 
Things (IoT) technologies, which enable real-time data collection and communication between system components. This 
integration facilitates advanced functionalities such as remote monitoring, predictive maintenance, and adaptive control. 
Edge computing is also being explored to process data locally and reduce latency, making AI-based EMS more suitable 
for real-time applications.  
AI techniques have significantly enhanced the capabilities of energy management systems by providing intelligent, 
adaptive, and efficient solutions. Methods such as fuzzy logic, neural networks, genetic algorithms, reinforcement 
learning, and deep learning have been successfully applied to optimize energy distribution, improve system performance, 
and reduce environmental impact. While challenges remain, ongoing advancements in AI, computing technologies, and 
data analytics are expected to further revolutionize EMS in the coming years, paving the way for more sustainable and 
energy-efficient systems. 

 
V. FUZZY LOGIC-BASED EMS 

Fuzzy Logic Control (FLC) is widely used due to its simplicity and robustness. It converts input variables such as battery 
State of Charge (SOC) and vehicle speed into linguistic variables to determine control actions. 
FLC is particularly useful in uncertain environments and does not require precise mathematical models (Chen et al., 
2014). However, its performance depends on the quality of rule design. 
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VI. ARTIFICIAL NEURAL NETWORK-BASED EMS 
Artificial Neural Networks (ANNs) are capable of modeling nonlinear relationships between inputs and outputs. In HEVs, 
ANNs are used for: 

1. Predicting energy demand  
2. Estimating battery SOC  
3. Optimizing power split  

ANN-based EMS improves efficiency but requires extensive training data and computational resources (He et al., 2017). 
 

VII. GENETIC ALGORITHM-BASED EMS 
Genetic Algorithms (GA) are used for global optimization problems in EMS design. They optimize control parameters 
and minimize fuel consumption by simulating evolutionary processes. 
Despite their effectiveness, GAs are computationally intensive and not ideal for real-time control systems (Montazeri-
Gh & Poursamad, 2010). 

 
VIII. REINFORCEMENT LEARNING-BASED EMS 

Reinforcement Learning (RL) is an advanced AI technique that learns optimal control policies through interaction with 
the environment. It is particularly suitable for dynamic systems like HEVs. 
RL-based EMS continuously improves performance by learning from driving patterns and environmental conditions (Liu 
et al., 2020). However, training complexity and convergence issues remain challenges. 

 
IX. DEEP LEARNING AND HYBRID AI MODELS 

Recent research focuses on Deep Learning and hybrid AI approaches combining multiple techniques. Deep Neural 
Networks and Deep Reinforcement Learning provide improved prediction accuracy and adaptability. 
Hybrid models, such as Fuzzy-ANN or GA-RL, combine strengths of different techniques to achieve better performance 
(Wang et al., 2022). 

 
X. DRIVING PATTERN RECOGNITION AND PREDICTIVE EMS 

Driving behavior significantly affects energy consumption in HEVs. AI techniques are used to classify driving patterns 
such as urban, highway, and aggressive driving. 
Predictive EMS uses: 

1. GPS data  
2. Traffic information  
3. Historical driving data  

This allows the system to optimize energy usage in advance, improving overall efficiency (Sun et al., 2019). 
 
 

XI. ROLE OF ENERGY STORAGE SYSTEMS 
Energy storage systems, including batteries and supercapacitors, play a crucial role in HEVs. AI techniques help in: 

1. Battery health monitoring  
2. SOC estimation  
3. Energy distribution between storage devices  

Advanced EMS ensures efficient utilization of energy storage components, thereby extending battery life and improving 
performance. 

 
 
 



I J A R S C T    
    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                           International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 4, July 2026 

 Copyright to IJARSCT DOI: 10.48175/568   549 

www.ijarsct.co.in  
 

 
 

ISSN: 2581-9429 Impact Factor: 8.2 

XII. THERMAL MANAGEMENT AND ENERGY EFFICIENCY 
Thermal management is essential for maintaining optimal performance of batteries and power electronics. AI-based EMS 
can predict temperature variations and adjust energy flow accordingly. 
Efficient thermal management improves: 

1. Battery lifespan  
2. Energy efficiency  
3. System reliability  

XIII. COMPARATIVE ANALYSIS OF AI TECHNIQUES 

Technique Principle Strengths Weaknesses Application 

Fuzzy Logic Rule-based reasoning Simple, robust 
Requires expert 
tuning 

Power control 

ANN Data-driven modeling 
Handles 
nonlinearities 

Needs large data Prediction 

GA 
Evolutionary 
optimization 

Global solution Slow convergence 
Parameter 
optimization 

RL 
Learning via 
interaction 

Adaptive, real-time Complex training Dynamic control 

Deep 
Learning 

Multi-layer modeling High accuracy Resource intensive Predictive EMS 

Hybrid AI Combined approaches High efficiency Design complexity Advanced EMS 

 
XIV. REAL-TIME IMPLEMENTATION AND IOT INTEGRATION 

Modern HEVs integrate AI-based EMS with Internet of Things (IoT) technologies. Sensors collect real-time data, which 
is processed using edge computing or cloud platforms. 
Benefits include: 

1. Real-time decision-making  
2. Remote monitoring  
3. Predictive maintenance  

AI-driven EMS can also be integrated with autonomous driving systems for enhanced performance. 
 

XV. CONCLUSION 
AI-based intelligent energy management strategies have significantly improved the efficiency and performance of HEVs. 
Techniques such as fuzzy logic, neural networks, genetic algorithms, and reinforcement learning provide adaptive and 
optimized solutions compared to traditional methods. While challenges remain, ongoing advancements in AI, computing, 
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and automotive technologies are expected to further enhance EMS capabilities, contributing to the development of 
sustainable and energy-efficient transportation systems. 
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