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Abstract 
 

Energy storage systems (ESS) are very important for making power systems more efficient, reliable, and 

long-lasting. They do this by making green energy sources less unpredictable and by offering grid support 

services. However, it is still hard to get ESS to work and be controlled in the best way possible because energy 

markets are always changing, grid conditions are always changing, and the different parts of the system 

interact in complicated ways. As a result, artificial intelligence (AI) has become an interesting way to improve 

ESS control methods, providing smart and flexible answers to these complicated issues. This paper gives an in-

depth look at various AI-based control methods for making energy storage systems work better. It talks about 

the latest progress in machine learning, deep learning, reinforcement learning, and evolutionary algorithms 

used for ESS control. It shows how they can capture nonlinear system dynamics, learn complex patterns from 

past data, and change control strategies in real time. The study also talks about how to improve the speed and 

reliability of ESS operation by combining AI techniques with standard optimization and control algorithms. The 

article looks at several uses of AI-based ESS control, such as lowering high loads, even out loads, controlling 

frequency, and incorporating green energy. There are case studies and modeling results that show how AI-

driven methods can improve ESS performance, lower running costs, and make the most of economic gains. It 

shows how AI could change the way energy storage systems are built and how they work, making energy grids 

more efficient, reliable, and long-lasting. 
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Energy storage systems, AI-based control strategies, Optimization, Renewable energy integration, Machine 

learning, Deep learning, Reinforcement learning 

 

I. Introduction 

Global problems like climate change and energy 

shortages have made the search for long-lasting energy 

answers more important over the past few years. 

Energy storage systems (ESS) have become important 

parts of this effort because they promise to make the 

grid more stable, include green energy sources, and 

make the best use of energy. Energy storage system 

improvement has gotten a lot of attention as the need 

for better and more efficient energy options grows. 

When applied to this situation, adding artificial 

intelligence (AI) to control methods can greatly 

improve the performance and efficiency of ESS [1].  

Most of the time, set formulas or rule-based systems 

are used to handle energy storage systems. Traditional 

methods work sometimes, but they often can't change 

to changing and uncertain working conditions. This 

makes ESS less efficient and flexible overall. This is 

especially important when adding green energy, since 

sources like solar and wind power aren't always 

available and change in how much energy they 

produce [2]. This makes it harder to keep the grid 

stable and control energy use. AI-based control 

strategies are a big step forward because they let ESS 

learn, change, and improve their processes 

automatically in real time, which opens up new levels 

of performance and efficiency [3]. Cutting edge 

machine learning algorithms and predictive analytics 

are at the heart of AI-based control methods for energy 

storage systems [18]. AI programs can find complex 
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patterns and connections that may be hard to find with 

traditional control methods [19]. They do this by using 

huge amounts of past data on things like weather, 

energy use patterns, grid dynamics, and other factors 

that are relevant. With this data-driven method, as 

shown in figure 1, ESS can predict how much energy 

will be needed in the future, find the best times to 

charge and discharge batteries, and react quickly and 

accurately to changes in the grid.  

 

Figure 1: Overview of Energy Storage Systems with 

AI-Based Control Strategies 

One of the best things about AI-based control tactics is 

that they can keep getting better over time with the 

help of machine learning methods like neural networks 

and reinforcement learning [20]. AI algorithms can 

improve their decision-making processes over and over 

again by looking at real-time data on system 

performance and results [4]. This lets them improve 

ESS operations in a way that adapts to changing 

operational and environmental limits. When working 

conditions change or something unexpected happens, 

this ability to shift is especially useful because it means 

that standard control methods don't have to work as 

well.  AI-based control methods could make energy 

storage systems more resilient and reliable by letting 

them find problems before they happen and plan repair 

ahead of time. AI algorithms can find possible 

problems or oddities before they become major fails by 

studying real-time data streams from sensors and other 

tracking devices [5]. This lets maintenance and other 

preventative actions be taken. This cautious method 

not only lowers the chance of downtime and expensive 

fixes, but it also makes ESS parts last longer, which 

makes the system more reliable and saves money 

overall. 

II. Related Work 

The table shows all the linked research that has been 

done on improving energy storage systems (ESS) with 

AI-based control methods. Each item in the table 

describes the goal, method, results, and approach of a 

different study project that aims to improve the 

performance, efficiency, and dependability of ESS by 

using artificial intelligence (AI) methods. Let's look 

more closely at each of these points to help you 

understand what the results mean. Demand Response: 

One of the hardest parts of managing energy is making 

sure that supply and demand for power are well 

matched. These studies have shown that better demand 

forecasts and reaction mechanisms can be made by 

looking at real-time data and changing control methods 

as needed [6]. This makes better use of energy 

resources, cutting down on waste and improving the 

security of the grid as a whole. Renewable energy 

sources like solar and wind power are becoming more 

popular. However, because they are sporadic, 

integrating them into the grid is very hard. Genetic 

algorithms and predictive analytics are being used in 

research to find the best ways to add green energy to 

the grid. By using demand trends and weather 

forecasts, these studies have shown that the grid is 

more stable and that green energy is used more 

efficiently [7]. By adjusting charging and draining 

times based on real-time conditions, this makes it 

easier for supply and demand to match up. Taking 

good care of batteries is very important for making 

sure they last a long time and work well. Real-time 

tracking and flexible charging methods are the main 

topics of studies that use convolutional neural networks 

and deep learning [17]. By looking at details about the 

health of the battery and changing the charging settings 

on the fly, these methods have shown that battery 

performance and lifespan are improved [8]. This makes 

energy storage systems more reliable and saves money 

in the long run. Grid overcrowding and inefficiency 

can cause power outages and bring down the cost of 

doing business. Using methods like reinforcement 

learning and dynamic programming in research aims to 

reduce grid congestion and improve energy flow [9]. 

Smart grid methods and real-time tracking tools have 

been shown in these studies to make the grid much 

more stable and efficient. Adaptive control methods 

help handle energy resources better, which lowers the 

risk of grid breakdowns and raises total reliability.  
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Support vector machines and anomaly detection 

methods are used in studies that look for early signs of 

possible system breakdowns [10]. When monitor data 

and prediction analytics are combined, these methods 

allow for quick responses to new problems before they 

become major fails. This proactive repair approach 

helps energy storage systems be more reliable and last 

longer. For efficient energy management and resource 

sharing, it is important to make accurate predictions 

about how much electricity will be needed. The main 

goal of research using long short-term memory 

networks and time series analysis methods is to make 

load forecasts more accurate [11]. By looking at old 

data and finding trends, these studies have shown that 

they can make better predictions, which helps 

companies better predict and meet future energy needs. 

When it comes to energy arbitrage, energy storage 

systems are very important because they can buy 

power when prices are low and sell it when prices are 

high. Using Markov decision processes and random 

optimization methods, research is trying to find the 

best ways to trade energy so that people can make the 

most money. These studies show that improving 

energy storage operations based on changes in market 

prices and demand has led to big gains in profits and 

market participation. Because microgrids can generate 

and distribute energy in autonomous ways, they are 

very useful in areas that are far away or not connected 

to the power grid. Fuzzy logic and multi-agent systems 

are being used in research to make microgrid 

operations more stable and resilient [12]. These studies 

show that using autonomous control methods and 

adaptable decision-making algorithms has made the 

grid more stable and reliable, even when the supply 

and demand of energy change. Stable voltage is 

important for making sure that electricity delivery 

networks work well. The main goal of research using 

particle swarm optimization and control theory 

methods is to keep voltage stable in delivery networks 

[13]. These studies have shown that using adaptable 

voltage control methods and real-time tracking systems 

can help regulate voltage better, making it less likely 

that voltage will change and cause problems.  

Keeping the frequency stable is important for keeping 

the grid reliable and stopping power blackouts. The 

main goal of research using Q-learning and control 

theory methods is to improve grid stability and 

frequency response. These studies have shown that 

using adaptive frequency control methods based on 

system dynamics can improve the ability to regulate 

frequency, which makes the grid more stable and 

reliable as a whole. These use a mix of green and 

traditional energy sources to make the best use of 

energy production and use [21]. The main goal of 

research using genetic programming and machine 

learning groups is to make mixed energy systems work 

better [14]. These studies have shown that combining 

different energy sources and adaptable control methods 

makes energy production and transfer more reliable 

and efficient. Systems that store energy can take part in 

energy markets to make the most money and use 

resources in the best way possible. Using methods 

from reinforcement learning and game theory in 

research aims to make it easier for people to join 

markets and make money [15]. These studies have 

shown that strategic bids and real-time optimization 

methods can improve dealing in energy, which lets 

energy storage systems take advantage of market 

opportunities more effectively. Grid crowding can 

make things less efficient and cause power outages. 

Graph theory and ant colony optimization are being 

used in research to find ways to make the grid more 

reliable and less crowded [16]. These studies have 

shown that grid stability and efficiency can be greatly 

improved by adjusting the flow of energy based on 

network structure and demand trends.  

 

Table1: Related work Summary 

Scope Method Findings Approach 

Demand Response Reinforcement Learning & 

Neural Networks 

Improved demand 

prediction and response 

Real-time data analysis and adaptive control 

strategies 

Renewable 

Integration 

Genetic Algorithms & 

Predictive Analytics 

Enhanced grid stability and 

renewable energy 

integration 

Optimization of charging/discharging 

schedules based on weather forecasts and 

demand patterns 

Battery 

Management 

Convolutional Neural 

Networks & Deep Learning 

Increased battery lifespan 

and performance 

Real-time monitoring and adaptive charging 

algorithms 

Grid Optimization Reinforcement Learning & Minimized grid congestion Smart grid algorithms and real-time grid 
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Dynamic Programming and optimized energy flow monitoring 

Predictive 

Maintenance 

Support Vector Machines & 

Anomaly Detection 

Early detection of potential 

system failures 

Integration of sensor data and predictive 

analytics 

Load Forecasting Long Short-Term Memory 

Networks & Time Series 

Analysis 

Improved accuracy in load 

forecasting 

Historical data analysis and predictive 

modeling 

Energy Arbitrage Markov Decision Processes & 

Stochastic Optimization 

Maximized profits through 

optimal energy trading 

Optimization of energy storage operations 

based on market prices 

Microgrid Control Fuzzy Logic & Multi-Agent 

Systems 

Enhanced stability and 

resilience in microgrid 

operations 

Decentralized control strategies and adaptive 

decision-making 

Voltage 

Regulation 

Particle Swarm Optimization 

& Control Theory 

Maintained voltage 

stability in distribution 

networks 

Adaptive voltage control algorithms and real-

time monitoring 

Frequency 

Regulation 

Q-Learning & Control Theory Improved frequency 

response and grid stability 

Adaptive frequency control strategies based 

on system dynamics 

Hybrid Energy 

Systems 

Genetic Programming & 

Machine Learning Ensembles 

Optimized performance of 

hybrid energy systems 

Integration of multiple energy sources and 

adaptive control algorithms 

Energy Trading Reinforcement Learning & 

Game Theory 

Enhanced market 

participation and 

profitability 

Strategic bidding and real-time optimization 

algorithms 

Grid Congestion 

Management 

Ant Colony Optimization & 

Graph Theory 

Reduced congestion and 

improved grid reliability 

Optimization of energy flow based on network 

topology 

 

The table 1 shows the different types of linked study 

that have been done to find the best ways to use AI to 

handle energy storage systems. These studies show that 

artificial intelligence has a lot of potential to make 

energy storage systems work better, be more efficient, 

and be more reliable in energy settings that are always 

changing. These potential uses range from demand 

response and green energy integration to grid 

optimization and predictive maintenance. 

III. Methodology 

1. Data Collection and Feature Selection 

The first step in using AI to handle energy storage 

systems (ESS) more efficiently is to collect a lot of 

data and carefully choose which features to use. This 

process is very important for building a strong base on 

which complex AI systems can work well, as shown in 

figure 2. First, past data comes from a lot of different 

places, like weather sites, smart meters, grid operators, 

and ESS tracking systems. These sources give us very 

useful information about how much energy people use, 

the weather, how the power grid works, and other 

factors that are important for understanding how the 

different parts of the energy environment work 

together. On the other hand, raw data rarely comes 

clean. As a result, an important preparation step is 

needed to get rid of noise, deal with missing values, 

and standardize variables so that they are the same 

across datasets. This careful preparation not only 

makes the data better and more reliable, but it also 

makes it easier to analyze and model later on. The next 

step is to focus on feature selection, which is a very 

important job that involves finding the most important 

factors that affect how well energy storage systems 

work and perform. Key features are those that directly 

affect how ESS works and how much energy it 

produces. These include predictions of energy demand, 

predictions of green energy production, grid congestion 

levels, and the state of charge of ESS units. Relevant 

features are picked out from the available data through 

careful analysis and subject knowledge. This makes 

sure that the modeling work that follows is based on 

useful and usable insights. Feature engineering 

methods can also be used to create new factors or 

changes that record complex connections and trends in 

the data. This makes the AI models even better at 

predicting the future. In a way, the part of collecting 

data and choosing features is the foundation of the 

whole optimization process. It lays the groundwork for 

later development and use of AI-based control 
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strategies. In this step, a lot of past data is used to make 

a short list of useful features. 

 

Figure 2: Architecture Block Diagram 

This makes it possible for the AI algorithms to learn 

and adapt to how energy storage systems work without 

any problems. Because of this, it is important to pay 

close attention to every detail and fully understand the 

core topic in order for the improvement efforts to be 

successful and useful. 

 

2. AI Based Model Development 

2.1. Model Development using Polynomial 

Regression: 

Regression methods are exceptionally effective at 

predicting continuous results, which makes them very 

useful for figuring out things like ESS state of charge, 

energy demand, and green energy output. Some 

regression models, like polynomial regression and 

support vector regression (SVR), are good at figuring 

out how input variables (like weather and time of day) 

relate to output variables (like energy use and solar 

power output). These models use data from the past to 

find patterns and trends that let them make accurate 

guesses about what will happen in the future. By 

adding up the results of various regression models, 

ensemble methods like random forests and gradient 

boosting can also improve the accuracy of predictions.  

Let's say we have m observations, n independent 

factors (represented by xi) and a dependent variable 

(represented by yi). This is how the polynomial 

regression model can be shown: 

𝑦𝑖 =  𝛽0 +  𝛽1𝑥𝑖 +  𝛽2𝑥𝑖^2 + … +  𝛽𝑛𝑥𝑖^𝑛 +

 𝜀𝑖……………………(1) 

Where: 

• yi is the dependent variable for the ith observation. 

• xi is the independent variable for the ith 

observation. 

• β0, β1, …, βn are the coefficients of the 

polynomial terms. 

• εi is the error term for the ith observation. 

• The goal is to estimate the coefficients β0, β1, …, 

βn that minimize the sum of squared errors 

between the observed and predicted values. 

Algorithm is as follows 

Step 1: Data Preprocessing: Standardize variables, 

handle missing values, and split the data into training 

and testing sets. 

Step 2: Feature Engineering: Transform the 

independent variables by adding polynomial terms of 

different degrees. 

Step 3: Model Training: Fit the polynomial regression 

model to the training data using techniques like 

ordinary least squares (OLS) or gradient descent. 

Step 4: Model Evaluation: Assess the model's 

performance on the testing set using metrics such as 

mean squared error (MSE) or R2 score. 

Step 5: Prediction: Use the trained model to predict the 

dependent variable for new input data. 

2.2. Model Development using Support Vector 

Regression (SVR): 

The main idea behind SVR is to find a hyperplane in a 

space with many dimensions that has the largest 

margin and goes through as many data points as 

possible with a tolerance of ε.  

 

There is a training dataset {(xi, yi)}i=1m with xi being 

the input features and yi being the target values. SVR 

wants to solve the following optimization problem: 

𝑚𝑖𝑛𝑤, 𝑏, 𝜉, 𝜉 ∗
1

2||𝑤||
2 +  𝐶𝛴𝑖 = 1𝑚(𝜉𝑖 +  𝜉 ∗

𝑖)…………………(1) 

subject to: 

𝑦𝑖 −  𝑤𝑇𝜑(𝑥𝑖) −  𝑏 ≤  𝜀 +  𝜉𝑖 

𝑤𝑇𝜑(𝑥𝑖)  +  𝑏 −  𝑦𝑖 ≤  𝜀 +  𝜉 ∗ 𝑖 

𝜉𝑖, 𝜉 ∗ 𝑖 ≥  0 𝑓𝑜𝑟 𝑖 =  1, … , 𝑚 

Where: 

• w is the weight vector. 

• b is the bias term. 

• φ(x) is the feature mapping function. 

• ε is the margin of tolerance. 
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• ξi and ξ∗i are slack variables. 

• C is the regularization parameter. 

Algorithm is as follows 

Steps: 1. Data Preprocessing: 

• Standardize variables: Normalize input features to 

have a mean of 0 and a standard deviation of 1. 

• Handle missing values: Implement techniques 

such as mean imputation or interpolation. 

• Split the data: Divide the dataset into training and 

testing sets. 

Step 2. Kernel Selection: 

• Choose an appropriate kernel function (linear, 

polynomial, Gaussian, etc.) for mapping input 

features into a higher-dimensional space. 

Step 3: Model Training: 

• Solve the optimization problem to find the optimal 

hyperplane that best fits the training data. 

Step 4: Model Evaluation: 

• Assess the performance of the SVR model using 

appropriate regression evaluation metrics such as 

mean squared error (MSE) or R^2 score. 

Step 5: Prediction: 

• Utilize the trained SVR model to make predictions 

on new input data. 

 

3. Reinforcement Learning:  

Reinforcement learning (RL) is a unique way to build 

models because it lets systems learn the best ways to 

control their surroundings by interacting with them. RL 

can be used to create adaptable control methods for 

energy storage systems that get the best long-term 

results, like lowering energy costs or keeping the grid 

stable. RL algorithms like deep Q-networks 

(DQN) learn by making mistakes and changing what 

they do based on what they see in the world. RL can 

adapt to changing conditions and perform better than 

rule-based or heuristic methods because it improves 

control policies over and over again. RL can also help 

find new ways to handle systems that might not be 

obvious using traditional methods. This can make 

energy storage systems work better and more 

adaptably. 

Algorithm is as follows 

Step 1: Initialization: 

- Initialize a neural network with weights θ to 

approximate the Q-function: Q(s,a;θ), where s 

represents the state and a represents the action. 

Step 2: Exploration-Exploitation: 

- At each time step, the agent decides whether to 

explore new actions or exploit its current knowledge. 

This is typically achieved using an ε-greedy strategy, 

where with probability ε, the agent selects a random 

action (explore), and with probability 1-ε, it selects the 

action with the highest Q-value according to its current 

estimate (exploit). 

Step 3: Experience Replay: 

• Store experiences (st, at, rt+1, st+1) in a replay 

memory buffer. 

• Sample mini-batches of experiences uniformly at 

random from the replay memory to update the 

neural network parameters. 

Step 4: Q-Learning Update: 

• Compute the target Q-value yt for each experience 

(st, at, rt+1, st+1) using the Bellman equation: 

𝑦𝑡 =  𝑟𝑡 + 1 +  𝛾 ∗  𝑚𝑎𝑥𝑎′𝑄(𝑠𝑡 +

1, 𝑎′;  𝜃−)…(1) 

 

• Train the neural network to minimize the temporal 

difference (TD) error between the predicted Q-

value Q(st, at;θ) and the target Q-value yt: 

𝐿(𝜃) =  𝐸 [(𝑦𝑡 −  𝑄(𝑠𝑡, 𝑎𝑡; 𝜃))
2

]……………(2) 

• Update the neural network parameters θ using 

gradient descent to minimize the loss function 

L(θ). 

Step 5: Target Network Update: 

• Periodically update the target Q-network 

parameters θ^- to improve stability and 

convergence by copying the weights from the 

online Q-network. 

 

4. Real-Time Optimization and Control: 

Energy storage systems (ESS) improvement and 

control in real time are a key step toward more 

sustainable and efficient energy management. As part 

of this project, learned machine learning models will 

be seamlessly integrated into operating control 

systems. This will allow ESS operations to make 

decisions on their own and be dynamically optimized 

in reaction to changes in the grid and in the trends of 

energy demand. 

The key to getting the best results from ESS is to use 

learned machine learning models in real-time control 

systems. These models can automatically look at new 

data streams in real time, find the best control 

strategies, and take actions that maximize economic 

benefits, energy savings, and grid stability. They do 
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this by using the lessons they've gained from previous 

data and learned algorithms. Real-time machine 

learning-based control systems allow ESS to quickly 

and effectively change to changing operating 

conditions, such as predicting energy demand, finding 

the best charging and dumping plans, or reducing grid 

congestion.  

For the smooth sharing of real-time data changes and 

feedback, it is necessary to connect to ESS tracking 

and control systems. The control system learns a lot 

about the current state of the energy environment by 

connecting to tracking systems that give real-time data 

on things like energy use, green energy production, 

grid power levels, and other important factors. This 

constant feedback loop makes adaptive control 

possible, which lets the system change how it works in 

real time in reaction to changing conditions, like quick 

changes in energy demand or sudden breaks in the 

supply of green energy.  The creation of methods for 

dynamic ordering of charging and recharging processes 

is a key part of real-time optimization. These programs 

look at a lot of things, like real-time predictions of 

energy demand, predictions of green energy 

production, grid congestion levels, and the energy 

storage units' state of charge. By changing the time and 

amount of charging and releasing events on the fly, the 

system can make the best use of energy, cut costs, and 

make the grid more stable. In addition, these programs 

can use prediction analytics to guess what will happen 

in the future and improve ESS processes before they 

happen, making them even more efficient and 

effective. 

In real life, real-time optimization and control need a 

strong communication network, advanced data 

processing power, and the ability to work seamlessly 

with current energy management systems. 

Additionally, making sure the safety, dependability, 

and security of the control system is very important for 

protecting the energy infrastructure's purity. It is 

important for energy companies, technology providers, 

and regulatory bodies to work together to get real-time 

efficiency solutions widely used, get around legal 

hurdles, and solve technical problems. Using real-time 

optimization and control is a revolutionary way to 

make energy storage systems more reliable, efficient, 

and long-lasting. The use of machine learning, data 

analytics, and adaptable control techniques in these 

systems could completely change how energy is 

managed and speed up the move to a better, more 

reliable energy future. 

IV. Result And Discussion 

When used to improve energy storage systems, the 

Polynomial Regression model shows good results, as 

shown by the review measures. The model can 

correctly predict which is reflected in table (2) how an 

energy storage system will behave, with a mean 

squared error (MSE) of 0.034, reducing the difference 

between what was observed and what was forecast. 

The root mean squared error (RMSE) of 0.184 shows 

the average size of forecast mistakes, which is not too 

high. This shows that the model is good at predicting 

factors related to energy. The model is also very 

accurate, as shown by the mean absolute error (MAE) 

of 0.125, which shows the average difference between 

what was forecast and what actually happened. The R-

squared (R2) number of 0.856 shows how much of the 

variation in the dependent variable can be predicted 

from the independent factors. This shows that there is a 

strong link between what was expected and what 

happened. Overall, these data show that Polynomial 

Regression is a useful tool for improving energy 

storage systems and can help with making decisions 

and controlling them. 

Table 2: Performance metric for Polynomial 

Regression 

Evaluation Metric Value 

Mean Squared Error 0.034 

Root Mean Squared Error 0.184 

Mean Absolute Error 0.125 

R-squared (R2) score 0.856 

The bar graph depicted in figure (2) shows the 

measures used to judge Polynomial Regression for 

improving energy storage systems. You can see the 

Mean Squared Error (MSE), the Root Mean Squared 

Error (RMSE), the Mean Absolute Error (MAE), and 

the R-squared (R2) score. The number of each metric 

is shown by a bar, which makes it easy to see how big 

one measure is compared to another. The R2 number is 

the best of the measures, which means that there is a 

strong link between what was expected and what 

happened. On the other hand, the MSE, RMSE, and 

MAE numbers are not very high, which shows that the 

model is good at predicting factors related to energy, as 

represent in figure 3. The bar graph gives a short 

overview of how well the Polynomial Regression 

model worked, showing how well it worked at 

improving energy storage systems. 
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Figure 3: Representation of Performance Metric of 

Polynomial Regression 

Support Vector Regression (SVR) and Polynomial 

Regression models have both been tested to see which 

one works best for improving energy storage systems. 

The success measures for each model show how well it 

works. Starting with the SVR results, the model does 

pretty well, with an MSE of 0.042, which shows the 

average squared difference between what was forecast 

and what actually happened. The root mean squared 

error (RMSE) of 0.205 shows the average size of 

forecast mistakes, which is not too high. This shows 

that the model is good at predicting factors related to 

energy. The model is also very accurate, as shown by 

the mean absolute error (MAE) of 0.148, which is the 

average absolute difference between what was forecast 

and what actually happened. The R-squared (R2) 

number of 0.798, on the other hand, shows that the 

independent factors explain about 79.8% of the 

variation in the dependent variable. This means that 

there is a fairly high link between what was expected 

and what happened. That being said, the Polynomial 

Regression model works a little better than the SVR 

model. With an MSE of 0.034 and an RMSE of 0.184, 

Polynomial Regression is more accurate and precise at 

predicting how an energy storage system will behave. 

The MAE of 0.125 shows that the model is even more 

accurate because the gap between expected and real 

numbers is smaller on average. Also, an R2 value of 

0.856 means that there is a closer link between what 

was expected and what actually happened, 

representation is shown in figure 4. This means that the 

independent factors explain about 85.6% of the 

variation in the dependent variable. 

Table 3: Performance metric for SVR Algorithm 

Evaluation Metric Value 

Mean Squared Error 0.042 

Root Mean Squared Error 0.205 

Mean Absolute Error 0.148 

R-squared (R2) score 0.798 

It is possible to optimize energy storage systems using 

both SVR and Polynomial Regression. However, 

Polynomial Regression is slightly more accurate, 

precise, and useful for explaining things. Anyhow, 

picking one model over the other relies on specific 

needs, available computing power, and the type of data 

being used.  

 
Figure 4: Representation of Performance Metric of 

SVR Algorithm 

In classification tasks, a confusion matrix depicted in 

figure 5 is used to see how accurate the guesses made 

by a machine learning model are. The expected versus 

real class names are shown in a table, which lets you 

see the true positives, true negatives, false positives, 

and false negatives. Each row in the matrix shows an 

instance of the real class, and each column shows an 

instance of the projected class.  

 
Figure 5: Confusion Matric for SVR Algorithm 

The instances that were properly classified are shown 

on the diagonals of the matrix, while instances that 

were incorrectly classified are shown on the other 

diagonals. By looking at the confusion matrix, you can 

learn more about how well the model is doing, find 

places where it could be better, and make smart 
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choices about how to improve the classification 

method. 

Table 4: Performance metric of After applying RL to 

Polynomial Regression Algorithm 

Evaluation Parameter Values 

Average Reward 50 

Episode Length 100 

Exploration vs. Exploitation 70 % / 30% 

Convergence 100 episodes 

The assessment criteria are usually different for DQN 

(Deep Q-Network) because it is mostly used for 

reinforcement learning tasks instead of regression or 

classification. We can still judge how well a DQN 

algorithm works by looking at average payoff, 

convergence rate, and the trade-off between discovery 

and exploitation. 

Table 5: Performance Metric of After applying RL to 

SVR Algorithm 

Evaluation Parameter Values 

Average Rewards 25.6 

Convergence Rate 0.003 

Exploration vs. Exploitation 80% / 20% 

 

This table 5 has Average Reward shows how much 

money the DQN worker usually gets during training or 

tests. The Convergence Rate shows how fast the DQN 

algorithm finds the best policy. Exploration vs. 

Exploitation talks about the balance between trying out 

new things and taking advantage of what you've 

learned. These rating factors give us information about 

how well and how the DQN algorithm works in 

improving energy storage systems. Using 

reinforcement learning (RL) methods like DQN (Deep 

Q-Network) on both Polynomial Regression and 

Support Vector Regression (SVR) models lets us 

compare how well they work at making energy storage 

systems work better.  

 

 

Figure 6: Comparison of SVR and PR 

When RL is added, it creates a dynamic environment 

where the algorithms learn to make choices based on 

benefits and punishments, with the goal of maximizing 

long-term goals. Polynomial Regression and SVR first 

showed what they could do in regression tasks.  

Because Polynomial Regression can handle non-linear 

relationships in many ways, it might not be able to 

handle the complicated and changing behaviors of an 

RL world. On the other hand, SVR, which is good at 

dealing with large amounts of data and links that don't 

follow a straight line, might be more flexible and 

reliable when learning the best control methods 

through RL. When judging, it's important to look at 

performance measures that are specific to RL, like the 

average payout, episode length, exploration-

exploitation balance, and convergence speed. Seeing 

how Polynomial Regression and SVR post-RL 

application compare can help you figure 6 out which 

algorithm works best for energy storage systems in 

changing settings. The results of this study help choose 

the best algorithm by looking at how well it adapts, 

works, and achieves the goals of optimizing an energy 

storage system in an RL framework.  

V. Conclusion 

Using AI-based control methods to improve energy 

storage systems looks like a good way to make energy 

management, grid security, and total system 

performance better. During this project, different AI 

methods like Polynomial Regression, Support Vector 

Regression (SVR), and reinforcement learning (RL) 

algorithms like DQN have been studied and judged. 

Polynomial Regression and SVR have shown that they 

can describe complex connections in energy systems. 

This gives us useful information about how people use 

energy, how green energy is integrated, and how the 

grid works. These models are the building blocks for 
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learning how systems work and making decisions. 

Adding RL algorithms like DQN has created a flexible 

and changing structure for finding the best ways to 

handle energy storage systems. RL algorithms let 

energy storage systems automatically adjust to new 

situations and perform at their best by learning from 

interactions with the world and choosing the best 

actions based on benefits.  The performance of these 

AI-based control strategies has been carefully tested 

using the right metrics, such as mean squared error, 

root mean squared error, and R-squared score for 

regression tasks and average reward, episode length, 

and convergence speed for RL tasks.  In the future, 

more study and development in AI-based control 

methods could help energy storage systems solve 

problems like how to connect to the grid, handle 

energy, and make sure the system works properly. We 

can make the transition to a more safe and reliable 

energy future possible by using AI tools. 
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