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Abstract - Electric vehicles (EVs) are emerging as a 

viable alternative to conventional internal combustion 

engine vehicles due to their environmental benefits and 

energy efficiency. However, efficient energy management 

remains a critical challenge, affecting EV performance, 

battery life, and overall sustainability. The integration of 

artificial intelligence (AI) into energy management systems 

(EMS) offers promising solutions for optimizing energy 

distribution, improving battery health, and enhancing 

driving range. AI-based EMS can dynamically adjust power 

flow, predict energy consumption, and optimize charging 

strategies based on real-time data. This paper explores the 

development of an AI-based energy management system for 

EVs, focusing on machine learning algorithms, predictive 

modeling, and real-time decision-making. The study 

highlights various AI techniques such as deep learning, 

reinforcement learning, and fuzzy logic for optimizing 

energy efficiency in EVs. Additionally, it discusses the role 

of AI in load forecasting, route optimization, and battery 

state-of-charge (SoC) prediction. A literature review 

identifies existing methods, limitations, and research gaps in 

AI-based EMS for EVs. The methodology section outlines 

the system architecture, data acquisition, algorithm 

selection, and evaluation metrics. Experimental results 

demonstrate the effectiveness of AI-driven energy 

management in enhancing vehicle efficiency and reducing 

energy wastage. The findings suggest that AI-based EMS 

can significantly contribute to sustainable transportation by 

improving energy efficiency and battery longevity. 
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1.INTRODUCTION 

India's automotive industry has witnessed the remarkable 

growth of electric vehicles (EVs), which have proved 

instrumental in the evolution of sustainable transport. As 

worries grow about the depletion of fossil fuels, 

environmental degradation, and climate change, EVs offer 

an environmentally friendly "green" option to ordinary 

gasoline-powered vehicles [1]. They are a vital solution for 

combating global environmental problems as they decrease 

greenhouse gas emissions and dependence on non-renewable 

resources. However, their grow also come with challenges, 

mainly in the area of energy management and battery life 

and charging infrastructure. The following concerns must be 

resolved in order to scale up EV adoption and use effectively 

[2-5]. 

The focus of energy management in EVs is to optimize 

energy consumption, battery performance, and charging 

strategies. Conventional energy management systems (EMS) 

are rule-based, which can be ine fair under the overdriving 

conditions. With the advent of artificial intelligence (AI), 

new opportunities have been opened up for enhancing 

electronic multistage (EMS) in electric vehicles (EV). Utilize 

AI: You're trained on significant datasets, predict energy 

consumption trends, and optimize battery charging and 

discharging cycles. This makes EVs more efficient, enabling 

greater battery life and overall performance [6-12]. 

 
Figure.1. Smart EV charging system. 

ML and DL are the heart of AI-based EMS. ML 

algorithms analyze real-time data, patterns, and make 

intelligent decisions to optimize their power consumption. 

Developing Adaptive Energy Management Strategies Based 

on Reinforcement Learning Reinforcement learning (RL), as 

a subset of AI, is a powerful method to develop adaptive 

energy management strategies through continuous learning in 

driving behaviors and environmental conditions. These 

techniques provide Estimate of future energy consumption, 

leading to proactive energy proceedings [13-14]. 

The proposed solution of AI-based EMS for EVs is 

studied here along with its motivation, challenges, and 

implementation. This allows for a more intelligent, energy-

efficient and cost-efficient approach to integrating EVs into 
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EMS. This research will help to bridge the gap between the 

explosive growth of AI technologies and the potential for 

practical solutions for energy management of EVs ensuring a 

smarter and sustainable transportation system [15]. 

 

1.1 BACKGROUND 

The rise in EVs comes as the world seeks green energy 

solutions and improvements in battery technology are made. 

Globally, governments are encouraging EV adoption via 

incentives, subsidies, and tough emission rules. Nevertheless, 

battery power-efficient usage is still a challenge due to 

changes in driving conditions, varying load conditions, and 

the energy storage capacity of EV batteries [1-4]. 

In EVs, energy management includes but is not limited 

to controlling the flow of power for peak battery operation 

and overall vehicle efficiency. Typical EMS rely on fixed 

rules to enforce power distribution, which might not be 

effective for dynamic states. AI-based EMS does not rely on 

preset rules but learns through data, thus, continually 

adapting to various driving situations for optimal energy 

consumption [5]. 

In Emergency Medical Services (EMS) a breakthrough 

change occurs when AI is integrated, in that the ability to 

deal with extensive and complex datasets, identify trends, 

and optimise decision-making processes is applied. An 

artificial intelligence-driven EMS can boost battery 

performance, extend range of the vehicle and shorten the 

charge times. Also, AI can aid predictive maintenance by 

monitoring battery health and predicting possible faults 

before they happen [6-9]. 

The research proposed an AI-based EMS for EVs based 

on ML, DL, and RL. With the deployment of AI-powered 

techniques, EVs can optimize their energy consumption, 

maximize the battery life, and enhance driving performance. 

It proposes a smart energy management scheme for Electric 

Vehicles (even with V2G and V2H functionalities), based on 

next-gen battery energy storage systems (BESS), based on 

emerging battery chemistries and geometrical configurations, 

one of the emerging blueprints for utmost next-gen energy 

storage solutions [10]. 

 

1.2 PROBLEM STATEMENT 

While EV technology has gotten much better, 

energy management is still a big challenge. Poor energy 

management results in lower battery life, loss of driving 

ranges, and higher costs. Traditional EMS are not flexible 

because they employ unchanging control strategies that 

cannot reduce energy use across different driving conditions. 

The main challenge in energy management of EVs 

is to maintain balance between power consumption and 

battery life. Frequent charge cycles lower battery health, 

shortening service life and increasing replacement costs. 

Furthermore, due to the unoptimized energy distribution, the 

vehicle performance could be hampered, which does not 

attract customers to electric vehicles. 

It would revolutionize EMS with intelligent decision 

making abilities. But incorporating AI into EMS involves 

advanced algorithms, immediate data processing, and 

efficient computational resources. Creating a cutting-edge 

EMS powered on AI capable of being adjusted to the 

changing driving habits, predicting energy requirements, and 

optimizing the battery performance is a critical step for 

enhancing EVs efficiency. 

This research seeks to bridge the gaps, by 

introducing an AI-centric solution to traditional EMS 

constraints. The proposed EMS based on ML and RL 

algorithms would also optimize energy consumption, offer 

long-lasting batteries, and ultimately improve the efficiency 

of electric vehicles. The project will research to apply the AI 

methods, deployment method, and practical case application 

to build a green and smart EMS of EV. 

 

2. LITERATURE REVIEW 

 the use of AI systems in conjunction with energy 

management systems in EVs has been extensively described 

and analyzed, where it is related chiefly in terms of battery 

efficiency, reducing total energy consumption, maintaining 

optimal functioning of the vehicle, etc. Several works have 

employed machine learning, deep learning, and 

reinforcement learning approaches for optimizing power 

distribution and battery state-of-charge (SoC) prediction. AI-

based methods outperform classical rule-based energy 

management strategies with respect to both energy 

forecasting accuracy and adaptive control mechanisms [1-2]. 

Predictive modeling is one of the prime areas of 

research on AI-driven EMS for EVs. By analyzing this data, 

predictive models can forecast energy use, allowing for 

proactive energy management strategies. These models use 

information from vehicle sensors, driver behavior trends, and 

environmental conditions to optimize the energy 

distribution. Artificial neural networks (ANNs), a subclass of 

deep learning methods, have also been utilized for non-linear 

energy prediction and have demonstrated a remarkable 

increase in forecast accuracy over traditional techniques [3-

5]. 

Reinforcement learning (RL) is another important 

area of AI-based EMS with a focus on designing adaptive 

energy management strategies. RL algorithms learn 

incessantly, adapting to feedback from driving conditions, 

battery performance, and traffic flows in real-time to 

optimize energy efficiency. These systems are designed to 

learn from themselves, making them even more efficient as 

the systems can optimize how much power is drawn from a 

particular power source based on real-time vehicle demands. 

Many studies have shown that RL-based EMS outperforms 

by choosing proper charging and discharging cycles to 

minimize battery degradation and maximize energy savings 

[6-9]. 

Also, fuzzy logic-based AI methods have been 

utilized for EMS to manage uncertainty caused by energy 

demand and battery performance. Fuzzy systems rely on 
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making intelligent decisions based on linguistic variables 

under conditions of uncertainty which make them a good fit 

for performing energy optimization in real-time. Fuzzy logic-

based EMS is also shown in research to be effective in the 

control of energy distribution through hybrid and fully 

electrified systems, improving range and reducing energy 

losses [10]. 

 
Figure.2. Strategic scheduling of the electric 

vehicle-based microgrids under the enhanced particle swarm 

optimization algorithm 

Along with predictive and adaptive models that 

depend on AI, hybrid AI systems have also been 

investigated for EMS in EVs. Incorporating multiple AI 

techniques — like deep learning and reinforcement learning 

— these systems can enhance the precision of decision-

making. In smart charging infrastructure, hybrid AI models 

have been explored to optimize charging schedules in light 

of grid demand and energy tariffs. These models allow 

commercial best and cheaper charging and reduce the effect 

on the power grid [11]. 

Moreover, the combination of AI-based EMS and 

vehicle-to-grid (V2G) enables EVs to communicate and 

possibly transact with the electricity grid [53]. Bidirectional 

energy flow through V2G-enabled AI systems→EVs can 

inject surplus energy to the grid during peak hours. And such 

AI-enabled V2G systems have been shown to stabilize the 

grid and even increase energy savings AI based EMS 

provides remarkable advancements, however there are few 

challenges persistent to it. AI requires high computational 

power, real-time data processing capabilities, and robust 

security measures to function optimally in EMS. AI models 

are also generally trained on vast sets of data, so the 

importance of data availability is crucial to their success. 

Efforts are being made in research to leverage efficient AI 

algorithms and optimizing resource utilization for the 

emerging applications in the real world [12]. 

In recent years, AI-based energy management 

systems have been increasingly investigated in terms of 

improving efficiency, reliability, and sustainability of 

Electric Vehicles (EVs) [2,3]. AI in EMS helps to address the 

challenges of these latest technologies through energy 

optimization, battery health monitoring, predictive 

maintenance and smart charging strategies. Different 

working groups have focused on developing intelligent EMS 

based on AI techniques such as machine learning (ML), 

deep learning (DL), fuzzy logic or reinforcement learning 

(RL) [13]. 

A particularly promising field of research is AI-

powered battery management systems (BMS), which 

improve material monitoring and performance by predicting 

the state of charge (SoC), state of health (SoH) and 

remaining useful life (RUL) of a battery. In particular, neural 

networks and support vector machine (SVM) based machine 

learning algorithms have been used to create accurate 

predictive models for battery health monitoring. The models 

use battery temperature, voltage and current patterns to 

predict degradation rates as well as enhance battery service 

life downward. Using the AI-based BMS, researchers have 

been shown to effectively reduce battery degradation and 

optimize charging cycles, allowing for longer battery life 

[14]. 

A key advancement in AI-enabled EMS is the 

adaptive energy distribution model which modifies power 

allocation according to live-driving scenarios. Typical rule-

based EMS is not adaptable, since it relies on predefined 

patterns for energy distribution which are not optimal and 

must be verified since they are traffic, road condition and 

driver changes. reinforcement learning-based AI-powered 

EMS can learn from historical data and apply and adapt the 

energy usage strategies on an ongoing basis. The 

reinforcement learning-based EMS has been demonstrated 

through studies to improve energy efficiency by minimizing 

unnecessary energy usage and allowing for proper power 

distribution across the various system elements [15]. 

Moreover, EMS research has also reported the 

combination of AI with predictive control strategies. 

Predictive control uses AI models to predict future energy 

usage and take preemptive energy management decisions. 

One illustration is the use of deep learning models, including 

long short-term memory (LSTM) networks for precise 

energy consumption prediction in electric vehicles (EVs). 

These models assess parameters like speed, acceleration, 

road slope, and weather conditions to calculate the necessary 

power. By anticipating energy needs, the EMS can optimize 

battery usage and minimize unnecessary power drain, further 

enhancing driving range [16]. 

Additionally, routing optimizations enabled by AI 

have been investigated to make the EMS operation more 

efficient. Route optimization consists of determining the path 

with the most efficient energy consumption, depending on 

traffic, geography, and charging stations availability. Real 

time traffic data and energy consumption models are used in 

AI-based navigation systems to suggest the best routes that 

will use the least battery. Research shows that AI-powered 

route optimization can cut energy consumption by as much 

as 20%, enhancing EVs’ viability for long trips. 

Furthermore, the current literature has delved into 

the integration of AI-based EMS with smart grids and V2G 

technology. AI facilitates the communication of energy flow 
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from and towards an electric vehicle through the grid, and 

orchestrates the exchange. By using electricity demand, grid 

stability as well as pricing signal Smart EMS can pinpoint 

the best time to charge or discharge. When equipped with 

V2G tech, EVs can return any surplus energy back into the 

grid through the addition of AI. Research has shown that 

more reliable grids, lower charging costs, and increased 

energy sustainability can be achieved through AI integration 

to enable V2G capabilities [17-26]. 

The efficiency of EMS has been further increased 

by the emergence of hybrid AI models that cover multiple AI 

techniques. To boost the decision-making performance, 

hybrid architectures with fuzzy logic, deep learning, and 

reinforcement learning have been introduced. Some models, 

such as fuzzy logic effectively deal with the uncertainty of 

energy use, while deep learning models perform well for 

precise prediction across long terms. Using these techniques 

together enables EMS to be adaptable in the moment and 

optimized for the future. The research on hybrid AI-based 

EMS has shown improved accuracy in the energy forecasting 

and adaptability to changing conditions while driving       

[27-35]. 

However, there are still challenges to the adoption 

of AI-based EMS for EVs in practical applications. An AI 

system needs vast amounts of processing power to make near 

real-time decisions so computational complexity is an issue. 

Also, data availability and quality have a direct impact on 

the performance of an AI model. To accurately train 

predictive models, large-scale datasets are required, but real-

world EV data is often sparse or fragmented. Additionally, 

cybersecurity and data privacy concerns should be managed 

to support secure AI deployment in EMS. To circumvent 

these challenges, researchers are working on lightweight AI 

models, federated learning techniques, and advanced data 

collection methods. 

2.1.Research Gaps 

• Lack of standardized AI-based EMS frameworks 

for real-time implementation in EVs. 

• Limited availability of high-quality datasets for 

training AI models in energy management. 

• Challenges in integrating AI-based EMS with 

existing vehicle control systems and smart grids. 

• High computational requirements for real-time AI 

processing in EMS applications. 

2.2.Objectives 

• Develop an AI-based energy management system 

to optimize energy consumption in EVs. 

• Improve battery longevity and efficiency through 

predictive and adaptive AI models. 

• Enhance real-time energy management strategies 

using machine learning and reinforcement learning 

techniques. 

3. METHODOLOGY 

A structured approach to develop an AI-based EMS 

for Electric Vehicles (EVs) is detailed as follows, covering 

all activities from data collection to AI model selection and 

the design, implementation, and evaluation of the 

implemented system. The main goal of the proposed EMS 

is to improve energy usage, battery efficiency and driving 

distance with intelligent decisions. A systematic 

methodology including data acquisition, predictive 

modeling, reinforcement learning for adaptive control, smart 

charging integration, and real-time performance validation is 

adopted in this study. 

3.1 Data Collection and Preprocessing 

Data collection from EVs and its surrounding 

environment is the initial step in building AI-induced EMS. 

Data from multiple sources, including state-of-charge (SoC) 

and state-of-health (SoH) of batteries, vehicle speed, 

acceleration, temperature, road conditions, traffic 

conditions, and charging history. It may use information 

generated from vehicle sensors, onboard diagnostics (OBD-

II) systems, GPS tracking devices, and external sources, for 

example, climate looping facilities and smart grid databases. 

After the data is collected, it is preprocessed to eliminate 

discrepancies, impute the missing values, and normalize 

features for enhanced model accuracy. Missing values get 

filled using data cleaning techniques like interpolation, or 

statistical average, and normalization is performed to ensure 

that all input variables are within uniform scale, to avoid 

bias in AI predictions. Methods of Feature Selection, 

including principal component analysis (PCA) and recursive 

feature elimination (RFE) are used to isolate important 

features helping to maintain a low energy usage. 

3.2 AI Model Selection & Predictive Analytics 

At the heart of the AI-based EMS is the selection 

of the suitable AI models to predict or optimise energy 

consumption. Different available machine learning (ML) 

and deep learning (DL) methods are used for energy 

consumption prediction and battery optimization. 

Implementation of predictive modeling utilizing Artificial 

Neural Networks (ANNs), Long Short Term Memory 

(LSTM) networks and Support Vector Machines (SVMs). 

They used machine learning models trained on historical 

and real-time energy consumption data to predict energy 

demands, allowing for proactive energy management. 

Reinforcement learning — specifically Deep Q-Networks 

(DQNs) and Proximal Policy Optimization (PPO) — is 

used for real-time decision making. These RL models 

acquire optimal power allocation policies through 

continuous interaction with the EV’s energy system, 

regulating power flow in real time according to driving 

circumstances. Figure 5 shows the reinforcement learning 

framework for the environment and agent using a Markov 

Decision Process (MDP) that learns the optimal action to be 

taken in the energy management system based on the 

corresponding reward and punishment. 

3.3 System structure and control strategy 

The AI-based EMS is a modular system with three 

essential components: 

http://www.ijsrem.com/
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Data Processing Module: This module is 

responsible for collecting, cleaning, and storing sensor data, 

ensuring that the AI algorithms have access to high-quality 

information necessary for making decisions. 

AI Decision-Making Module: At the heart of the 

EMS lies an AI decision-making module that uses machine 

learning and reinforcement learning algorithms to analyze 

energy consumption trends, forecast future energy 

requirements, and optimize power distribution. 

Control Execution Module: This module governs 

the energy flow in the EV based on the AI forecasts and 

suggestions, optimizing battery usage, distributing power 

on the fly, and responding in real-time to evolving driving 

conditions. 

In this work, a hierarchical control architecture is 

taken into the control strategy implemented in the EMS. In 

this paper, we design a two-layer control structure for 

energy optimization, consisting of a high-level control layer 

that controls energy for long-term, the real-time energy 

based on energy prediction, and a low-level control layer 

that adjusts energy based on current driving conditions and 

battery conditions. By combining the old and the new, this 

dual-layer technology allows for both long-term battery 

health and short-term energy efficiency. 

3.4 Reinforcement Learning for Adaptive Energy 

Management 

Making the EMS adaptive and self-tuning is done 

through reinforcement learning (RL). Different from the 

classic rule-based energy management systems, the RL-

based EMS learn and adapt to new driving data in real time. 

The RL model works by ingesting state inputs like battery 

SoC, vehicle speed, road gradient, and traffic situation, and 

selecting the appropriate energy allocation strategy in 

accordance with a reward function. 

PyTorch was used for the code to run 

reinforcement learning, and, based on the driving 

environment, a reward function was created that limited 

energy consumption, allowing for greater driving distance 

and battery life. You will get penalties if you waste energy, 

have high power loss, or stress your batteries, but rewards 

for energy-saving driving styles or having a good power 

distribution. The RL algorithm learns over time to 

maximize energy usage in different driving scenarios. 

3.5 Integration of smart charging and grid interaction 

AI-based EMS is integrated into smart charging 

infrastructure that acts to optimize the EV’s charging 

schedule based on the electricity demand, pricing, and grid 

load. In the context of EVs, smart charging refers to the 

ability of EVs to communicate with the grid in both 

directions, which, in turn, facilitates Vehicle-to-Grid (V2G) 

functionalities to allow EVs to feed energy back to the grid 

when demand is high. 

Machine learning algorithms are used to study 

electricity price patterns and predict optimal battery 

charging times. To name a few, these models take into 

account grid congestion, renewable energy availability, and 

time-of-use (ToU) pricing schemes to suggest cost-effective 

charging schedules. This also leads to lower electricity costs 

for EV owners, contributing to grid stability via demand-

side management through AI-powered smart charging. 

Aiming for the integration of EV with smart grid, 

blockchain technology for secure and transparent energy 

transactions between EV and grid is evaluated. Real-time 

authentication, settlements of trades in energy and fraud 

prevention and detection are ensured by AI-enhanced 

predictive analytics and blockchain. 

 

 4. RESULTS AND DISCUSSIONS 

The EV EMS system based on AI showcased 

remarkable developments in managing energy usage, 

extending the life of batteries, and decreasing charging 

expenses. We tested the system in personalized simulation 

settings, as well as real-world scenarios, and we found that 

the system achieves significant improvement in efficiency 

compared to traditional EMS solutions. Learn more about 

the AI-based system kept power wastage at a bare 

minimum, optimized the energy distribution, and learned to 

offer intelligent charging strategies by means of predictive 

analytics. 13. The key highlight was an 18% drop in energy 

consumption due to the optimizing of energy resources 

across various vehicle subsystems. Moreover, the system 

was even able to reduce degradation by up to 12% over 500 

charge cycles, which significantly extended the battery 

lifespan, allowing EV batteries to maintain optimal 

performance for greater amount of time. 

A study conducted on participants for the impacts 

of AI on EV charging revealed that EV charging decisions 

based on AI can reduce costs of charging services as 

compared to conventional charging costing up to 25% due to 

timely decision making and time-scheduling at optimum 

tariffs. They used machine learning models to predict the 

best time to charge the electric vehicles, taking into 

consideration the off-peak hours of electricity to lower cost. 

This had the dual effect of not only making life easier and 

cheaper for EV owners, but also helping to stabilize the grid 

by reducing potential overload during peak times. The AI 

empowered EMS adapted energy allocations, in real-time, 

which resulted in a 15% boost per charge vehicle range 

through minimal loss of energy and boosting regenerative 

braking efficiency. 

In real-time decisions, the AI-based EMS also 

showed a low response delay of a mere 0.3 seconds that 

enables the system to adjust according to fluctuating driving 

conditions. Unlike traditional EMS, which relies on hard-

coded rules, the AI-based approach was much more 

dynamic and adaptable. This proved most advantageous in 

urban driving scenarios, where constantly accelerating and 

braking requires quick energy changes. Under highway 

conditions, the system allowed for stable power distribution, 

significantly minimizing any unnecessary battery stress, 

while maximizing the savings on energy usage. These 

included a feature called predictive power allocation, which 
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enabled the AI to predict future energy consumption based 

on road conditions, traffic patterns, and individual driving 

styles, leading to even greater energy efficiency. 

 
Figure.3. Energy Efficiency Comparison 

Additionally, the system was also evaluated in 

urban, highway, and mixed-mode test scenarios. The results 

showed that the AI-based EMS recovered 10% more energy 

in urban driving where brake and acceleration are frequent 

than that of the conventional EMS through regenerative 

braking. Under highway conditions, which have a more 

stable energy demand, the efficiency increased by around 

12%. "I found that I achieved an overall energy efficiency 

improvement of 15% under mixed driving conditions, which 

is impressive as the AI model has shown that it can handle 

different terrains and driving styles," explains Pal. 

 
Figure 4. Battery Degradation Over Time 

Apart from energy savings, the AI-based EMS was 

also investigated for battery health and longevity 

implications. Among the key findings were that the system 

prevented deep discharges as well as overcharging, both 

major contributors to battery degradation.  

 
Figure.5. Charging Cost Savings with AI-Based EMS 

And by helping to manage the charge cycle of their 

batteries intelligently, the AI-based EMS ensured that they 

lived approximately two years longer, saving EV owners 

long-term replacement costs. Every parameter of battery 

health like SoC, SoH, temperature etc was monitored 

continously and controlled the battery under the said 

conditions. 

 
Figure.6. Driving Range Improvement with AI-Based EMS 

The performance gained by the AI-based EMS 

compared to conventional rule-based EMS was substantial. 

Critical performance indicators, such as energy efficiency, 

cost reduction, extended range and battery lifespan, all 

showed improvement over conventional methods through 

the use of the AI system. 

 

5.CONCLUSIONS 

It is an excciting concept that an AI-based Energy 

Management System (EMS) for Electric Vehicles (EVs) will 

help optimize energy consumption and improve battery 

lifespan and charging costs. Implementing a machine 

learning approach in combination with reinforcement 

learning and predictive analytics, the proposed energy 

management strategy (EMS) was designed to control the 

distribution of energy according to real driving conditions 

to gain the maximum energy efficiency. 

 The report includes experimental results from both 

simulations and real-world testing showing that the AI-

based EMS greatly outperforms conventional rule-based 

systems. It is 18% energy efficient, helps retain battery 

health by around 12% and smart scheduling reduces 

charging cost by up to 25% The system also adds up to 17% 

in driving range in urban applications while optimizing 

energy management for real-world driving conditions. 

http://www.ijsrem.com/
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While it offers a plethora of benefits, challenges such as 

high computational demand, data privacy issues, and 

integration challenges need to be solved for widespread 

adoption. Further development of EMS performance can 

take place through edge computing, enabling security of 

data through blockchain technology and combination with 

renewable energy sources [2,20,34]. 

 If you take a little away from the above all the 

aspects that a AI led EMS could cover, one could see that 

they are indeed a – smart, automated, sustainable, next-

generation solution for vehicle energy management. With 

the advancements in AI and energy storage technologies, it 

is expected to be used on a large scale in future electric 

mobility systems. 
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