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Abstract: Energy storage systems (ESS) play an essential role for 

improving the longevity, dependability, and efficiency of power 

systems. Manufacturers accomplish this by providing grid support 

services and reducing the unpredictability of green energy sources. 

Because energy markets and grid conditions constantly shift and the 

many components of the system interact in complex ways, it is still 

challenging to get ESS to function and be regulated as effectively as 

possible. Artificial Intelligence (AI) is thus emerging as a promising 

means of enhancing ESS control techniques, offering smart and 

adaptable solutions to these challenging problems. This study 

examines many AI-based control strategies for improving the 

performance of energy storage devices. The most recent 

developments in deep learning, machine learning, reinforcement 

learning (RL) and evolutionary algorithms for ESS control are 

examined. It demonstrates their capacity to real-time adjust control 

techniques, understand intricate patterns from historical data, and 

capture nonlinear system dynamics. By mixing AI methods with 

normal optimisation and control algorithms, the study additionally 

addresses about how to make ESS work faster and more reliably. To 

lower high loads, balance loads, control frequency, and add green 

energy, this article addresses a few ways AI-based ESS control can 

be employed. The accuracy, effectiveness, and stability of energy 

sources might be enhanced by AI's potential to change the way 

energy storage systems are designed and operated.  

 

Keywords: Artificial Intelligence, Energy Storage Systems, 

Machine Learning, Green Energy, Energy Sources.  
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1. Introduction 

 

In recent years, global issues like rising temperatures and energy shortages have made it more 

important than ever to find clean energy options [1]. ESS are becoming important parts of this 

effort because they can make the grid more stable, include green energy sources, and make the 

best use of energy [2]. Since the demand for more stable and efficient sources of energy 

develops, there is a lot of interest in studying ways to make energy storage systems better [3-

5]. When used in this situation, adding AI to control methods for ESS could make it much more 

effective and efficient. Pre-established algorithms or rule-based systems are often used to 

manage energy storage systems [6]. While conventional approaches may sometimes be 

effective, they often cannot be adjusted to changing and uncertain work settings. As a result, 

ESS is ultimately less flexible and effective. This becomes much more important when 

integrating green energy since renewable energy sources, such as wind and solar power, have 

variable production and aren't always available [7-9]. This makes it more difficult to control 

energy use and preserve grid stability. Due to AI-based control methods, ESS can now 

automatically learn, adapt, and optimise its processes in real time, which is a significant advance 

over earlier control strategies [10]. This allows for considerably greater levels of efficiency and 

performance. Control approaches for energy storage systems that depend on AI are built around 

state-of-the-art ML techniques and predictive analytics [11-13].  

AI systems are able to identify intricate relationships and patterns that conventional control 

techniques could skipped [14-18]. Researchers do this by using enormous amounts of historical 

data on pertinent variables such as weather, grid dynamics, and energy usage patterns [19-20]. 

ESS can determine the optimal times for both charging and discharging batteries, predict future 

energy requirements, and respond swiftly and precisely to grid fluctuations using this data-

driven approach, as seen in Figure 1.  

 

 
Figure 1 Block Diagram of ESS with AI-based Control Techniques. 
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Through ML techniques such as neural networks and RL, AI-based control strategies may 

become effective over time. This makes it one of the most beneficial aspects about them. 

Reading real-time information about the way a system is working as well as what the results 

are can help AI programs make better decisions over and over again. To make ESS work better, 

they can change the way it works based on new operating and natural boundaries. Shifting is 

an indispensable ability because it means that normal control techniques don't have to work as 

well when working conditions vary or something unexpected happens. Power storage systems 

could be more effective and adaptable if they could find problems earlier and plan repairs before 

they happen. Examining real-time data streams of cameras and other tracking devices is one 

way that AI systems can find problems or strange things before they cause major issues. Repairs 

and other protective measures can then be taken. There will be less downtime and more 

expensive repairs. Also, the ESS parts will last longer, thereby rendering the system more stable 

and saves money in the long run.  

 

2. Methodology 

 

2.1. Acquiring Data and Choosing Features  

The first stage in using AI for the more effective management of ESS is to acquire extensive 

data and precisely choose the relevant attributes. This approach is crucial for establishing a 

robust foundation upon which intricate AI systems may operate effectively, as seen in Figure 

2. Initially, past data is sourced from several sources, including meteorological websites, 

electronic meters, grid operators, and energy storage system monitoring platforms. These 

sources provide valuable insights on consumption of energy, meteorological conditions, the 

functionality of the power grid, and other critical elements essential for comprehending the 

interconnections within the energy ecosystem.  

 

 
Figure 2 Schematic View of Suggested System. 

 

Raw data, on the other hand, is not filthy at all. To make sure that the data is consistent across 

datasets, it is very important to clean it up by getting rid of noise, adding in missing values, as 

well as standardising variables. Because of this careful planning, the data is better and more 

reliable, and it will also be easier to analyse and model in the future. In the next step, feature 

selection, researchers find the most important factors that affect how well and efficiently energy 

storage systems work. Key features of an ESS are those which possess a direct effect on how it 

works and how much energy it produces. This category takes into account projected outcomes 

such as grid congestion, demand for power, green energy generation, and battery life of ESS 

units. From the provided data, pertinent features are extracted using subject-matter knowledge 

and careful analysis. As a result, future modelling efforts will be based on useful and applicable 

innovations. 

To better capture complex data linkages and patterns, feature engineering methods may be used 

to create new variables or make changes to existing ones. This enhances the AI algorithms' 

efficacy in predicting future events. The collection of data and selection of characteristics 

provide the basis of the whole optimisation process. It provides the foundation for further 
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research and implementation of AI-driven control techniques. This process involves using 

extensive past data to compile a concise list of essential attributes. The AI algorithms can easily 

learn and adjust to the functioning of energy storage systems. As such, for the development 

efforts to be effective and beneficial, it is critical to carefully examine every element and 

comprehend the primary concept.  

2.2. Model Synthesis Using AI 

2.2.1. Designing Model using Polynomial Regression 

Regression approaches perform well at estimating continuous outcomes, making them valuable 

for determining ESS levels of charge, needs for electricity, and green energy production. 

Polynomial regression and support vector regression (SVR) are effective regression models for 

determining that input factors (e.g. weather and time of day) affect output variables (e.g. energy 

usage and solar power production). These models use past data to predict future events using 

patterns and trends.  

RF & Gradient Boosting are examples of ensemble techniques that may increase prediction 

accuracy by aggregating the output of many regression models. Assume that there is a 

dependent variable (di), n independent variables (pi), and y observations. This is one way to 

display the polynomial regression model:  

di =∝0+∝1 pi +∝2 pi
2 + ⋯ +∝n npi

n + εi                            (1) 

Here observation di indicates the dependent variable, whereas observation pi represents the 

independent variable. The coefficients for the polynomial terms are ∝0, ∝1, ∝2,.., ∝n. εi 

represents the error term of observation ith. The objective is to determine the coefficients ∝0, 

∝1, ∝2,.., ∝n that minimise the difference among observed and estimated values. 

Following is the algorithm,  

The first step is to prepare the data by standardising variables, dealing with missing values, and 

dividing the data into sets for training and testing.  

The second step is features creation to change the factors that are not dependent on each other 

through the addition of polynomial terms with various degrees.  

The third step is training the Model that utilize ordinary least squares (OLS) to fit the 

polynomial regression model to the training data.  

The fourth step is checking out the model by employing measures like MSE or the R2 score to 

look at the way the model performed on the testing set.  

The step five is estimation process by predicting the dependent variable based on new data by 

using the learnt model.  

2.2.2. Designing Model using SVR 

The fundamental concept of SVR is to identify a hyperplane with the biggest margin that passes 

across the greatest number of data points having a tolerance value of ε in a multidimensional 

space.  A training dataset called [(pi, di)]i=1m exists, where pi represents the input 

characteristics and di represents the target values. The optimisation challenge that SVR seeks to 

resolve is this: 

minW, b, ᶓ, ᶓ∗
1

2‖W‖2
+ R ∑ i = 1m[ᶓi + ᶓi

∗]                              (2) 

Where W stands for "weight", bias is indicated by b and the function ф(x) maps features to x. 

The error range is given by ε, the terms ¾i and ¾∗i represents the slack variable, and finally the 

measure for regularisation is R.  

Following is the algorithm,  

First Step Preprocessing of Data  

▪ Data Standardization: Get the input features to be normally distributed with a median of 

0 as well as SD of 1. This will standardise the variables.  

▪ Managing unavailable data: Apply methods like interpolation or mean imputation.  

▪ Divide the data: Create separate sets of data for training and testing.  

Second Step Choosing Kernel 
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▪ To transform input characteristics into a higher-dimensional space, choose a suitable 

kernel function (linear, polynomial, Gaussian, etc.).  

Third Step Training of Models 

▪ To find the best hyperplane that fits the training data, it is necessary to solve the 

optimisation problem.  

Fourth Step Analysis of Models 

▪ Use suitable regression evaluation measures, like MSE or R2 score, to evaluate the SVR 

model's performance.  

Fifth Step Estimation 

▪ Make predictions based on new data employing the trained SVR model.  

 

3. RL 

 

Real-time RL is the special approach for creating models because it lets systems discover 

optimal ways to manage their surroundings through interacting with them. The greatest long-

term outcomes, such as reducing energy prices or maintaining grid stability, may be achieved 

by using RL to develop flexible control strategies for energy storage systems.  

RL algorithms that learn by making errors and modifying their actions in response to 

observations of the outside environment include deep Q-networks (DQN). Since 

RL continuously enhances control policies, it may perform better than rule-based approaches 

and adjust for shifting situations. RL may also assist in identifying novel approaches to issues 

that traditional methods might not be able to clearly address. Energy storage devices may 

function better and more adaptably as a result.  

 

4. Real-Time Management and Optimisation:  

 

The first significant step towards more sustainable and effective energy management is to 

improve and handle ESS in real time. Operating control systems will be made to work with 

trained ML models as part of this project. After this, ESS operations will be able to make their 

own choices and be constantly optimised in response to modifications at the grid along with the 

way consumers are using energy. 

Employing trained ML models at real-time control systems is essential to get the most 

beneficial results from ESS. These models are capable of autonomously analysing new data 

streams at real time, determining the optimal control schemes, and acting to optimise grid 

stability, energy conservation, and financial benefits. Real-time ML-based control systems 

enable ESS to quickly and effectively adjust to changing operating conditions, such as 

projecting energy consumption, figuring out the most effective charging and dumping options, 

or reducing grid congestion.  

It is very important to connect to ESS tracking and control systems so that new data and reports 

can be transmitted smoothly in real time. By connecting to tracking systems that give real-time 

information on things like energy use, green energy production, grid power levels, and more, 

the control system learns a lot about the current energy scene. Flexible control, that is made 

feasible by this continuous feedback loop, lets the system change its functioning in real time in 

response to things that happen, like sudden changes in the amount of electricity is needed or 

sudden breaks in the flow of green energy. Creating plans for the changing ordering of charging 

and recharging processes is an important part of real-time efficiency. Predictions of green 

energy output, levels of grid congestion, the present situation with the charging for energy 

storage elements, and real-time estimations of energy demand are among the many aspects 

taken into account by these systems. It is possible to achieve stability in the system, cost 

savings, and optimum energy usage by making real-time modifications to the timing and 

quantities of charging and releasing events. These technologies can also use predictive analytics 
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to identify potential problems and develop solutions before they ever arise, which might greatly 

improve the efficiency and effectiveness of ESS procedures. 

Advanced data processing skills, a strong communication network, and smooth interface with 

current energy management systems are necessary for real-time optimisation and control. 

Furthermore, protecting the stability for the energy infrastructure depends on maintaining the 

security, dependability, and safety of the control system. Cooperation between energy 

companies, technology providers, and regulatory bodies is crucial to overcoming legal barriers, 

resolving technical problems, and gaining widespread adoption of real-time efficiency systems. 

Real-time optimisation and management are a novel technique to improve the reliability, 

efficacy, and durability of energy storage systems. By combining statistical analysis, ML, and 

adaptive control methodologies, these systems offer the potential to transform energy 

management and speed up the transition to a safer and more trustworthy energy future.  

 

5. Result 

 

Evaluation data points indicate that while addressing the problem of energy storage system 

enhancement, the Polynomial Regression approach is efficient. Through a mean square error of 

0.035, Figure 3 illustrates that the model effectively projects the actions of an ESS, hence 

closing the actual and expected value difference. The average magnitude of prediction errors is 

not substantial, as shown by RMSE of 0.185. This indicates that the model can accurately 

predict energy-related factors. The MAE of 0.126 among predicted and actually occurred 

shows that the model's accuracy is also quite accurate. An R2 value of 0.857 indicates that the 

independent factors can explain a significant portion of the difference in the dependent variable. 

This is proof that the outcome that was expected as actually happened are strongly connected. 

According to these numbers, Polynomial Regression has become a useful tool to use in making 

decisions and handling ESS better. 

 

 
Figure 3 Performance Metric of Polynomial Regression. 

 

The metrics used to evaluate Polynomial Regression for enhancing energy storage systems are 

shown in the bar graph in figure 3. The R2 score, the MAE, the RMSE, and the MSE are shown. 

A bar that displays each metric's value makes it simple to understand whether large one measure 

is in relation to another. The best metric, the R2 value, indicates a significant correlation 

between predictions and actual events. This model is successful at predicting energy-related 

factors, as shown in figure 3, because the MSE, RMSE, and MAE numbers aren't excessive. 

Some basic information about the Polynomial Regression model's performance is shown in the 

bar graph. It shows the way it improved ESS.  
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Figure 4 Performance Metric of SVR. 

 

To determine which model is better for enhancing energy storage systems, researchers have 

examined both Polynomial Regression and SVR. Each model's metrics for success demonstrate 

its efficacy. To begin with, the model performs effectively in the SVR findings; the MSE among 

the actual and predicted outcomes is 0.043. With an RMSE of 0.206, the typical magnitude of 

prediction errors is not excessive. This demonstrates that the model has a strong ability to 

anticipate energy-related aspects. The MAE or the mean absolute variation among what was 

predicted and what really occurred, is 0.149, demonstrating the model's high accuracy. 

Conversely, the independent variables account for about 79.9% of the variance in the dependent 

variable, as shown by the R2 value of 0.799. This indicates that there is a strong correlation 

among occurred and what was expected. The Polynomial Regression model, however, performs 

slightly better compared to the SVR model. The performance of an ESS may be predicted more 

precisely and accurately using Polynomial Regression, which possesses an MSE of 0.035 & an 

RMSE of 0.185. With an average difference between anticipated and actual values being less, 

the model's accuracy is further shown by its MAE of 0.126. Additionally, the closer connection 

among expectations and actual events is shown by a R2 value of 0.857, as seen in figure 4. A 

small amount over 85.7% of the variance on the dependent variable can be explained by the 

independent variables.  

 

 
Figure 5 Contrast of SVR and Polynomial Regression. 
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Both Support Vector Regression and Polynomial Regression may be used to optimise ESS. But 

when it comes to addressing issues, Polynomial Regression is a little more exact, precise, and 

practical. The model that is better depends on factors including the kind of data being utilised, 

the amount of computer power available, and the unique requirements (Figure 5).  

 

 
Figure 6 SVR Algorithm Confusion Matric. 

 

The accuracy of a ML model's estimates in classification tasks is measured using the confusion 

matrix shown in Figure 6. A table comparing the predicted and actual class names allows to 

examine the true positives, false positives, true negatives & false negatives. A real class 

instance is shown in each row of the matrix, while a projected class instance is displayed in 

each column.  

The correctly identified occurrences are presented on the matrix's diagonals, whilst the wrongly 

classified examples are represented on the off-diagonals. An examination of the confusion 

matrix provides insights into the model's performance, identifies areas for improvement, and 

facilitates informed decisions on the optimisation of the classification approach.  

 

 
Figure 7 Polyreg Performance Metric after RL Application. 

 

Since DQN is mostly used for RL tasks rather than regression or classification, the factors used 

to grade it are generally different as shown in Figure 7. While looking at average reward, 

convergence percentage, and the trade-off among detection and exploitation, researcher is able 

to determine the extent to which a DQN algorithm works.  
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Table 1 SVR Algorithm Performance Metric after RL Application. 

 
 

Table 1 has the Average Reward indicates the typical compensation received by a DQN 

employee during testing or training. The speed at which the DQN algorithm determines the 

optimal policy is indicated by the convergence rate. Exploration vs. Exploitation discusses 

establishing a balance between applying the information learnt and attempting new things. 

Researchers may learn more about the effectiveness and operation of the DQN algorithm in 

enhancing ESS from these rating elements. Researchers may examine the extent to which 

Polynomial Regression and SVR and RL techniques like DQN perform in improving the 

performance of ESS.  

The addition of RL produces a dynamic environment in which algorithms learn to maximise 

long-term objectives by making decisions based on rewards and penalties. SVR and polynomial 

regression first shown their abilities in regression challenges. Polynomial Regression may not 

be able to manage the complex and fluctuating behaviours of an RL environment, despite its 

various methods of handling non-linear connections. However, SVR, which excels in handling 

massive data sets and nonlinear connections, may be more adaptable and dependable when RL 

is used to determine the optimal control strategies. When assessing, it is essential to consider 

performance metrics relevant to RL, such as average payment, episode duration, exploration-

exploitation equilibrium, and convergence rate. Analysing the comparative performance of 

Polynomial Regression as well as SVR following RL applications might assist in determining 

the most effective method for energy storage devices in dynamic environments. This study's 

findings facilitate the selection of the most effective algorithm by evaluating its adaptability, 

performance, and efficacy in optimising an energy storage system inside a RL framework.  

 

6. Conclusion 

 

The promising strategy for enhancing energy administration, grid security, and overall system 

performance might be to use control approaches based on artificial intelligence to enhance ESS. 

This research examined at and analysed a variety of AI approaches, including SVR, Polynomial 

Regression, and RL algorithms like DQN. Polynomial regression and SVR have both shown 

the capacity to assess intricate energy system linkages. This provides researchers with a wealth 

of information on the network, energy consumption changes, and the incorporation of green 

electricity. The basis for knowing the way systems work and whether decisions are made is 

provided by these models. RL algorithms like DQN have been used to provide a flexible and 

dynamic framework for figuring out the best ESS management strategies. RL algorithms allow 

storage devices for energy to automatically adjust to changing conditions and function at their 

highest efficiency through learning from their interactions with the external environment and 

choosing the best path of action depending on rewards. The efficacy of AI-based control 

strategies has been fully investigated using suitable metrics including RMSE as well as R2 score 

to regression tasks together with the mean reward, episode length, and the rate of convergence 

to RL tasks. Problems of ESS including grid connection, energy management, and system 

proper functioning might be appropriate for additional studies and development for AI-based 
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control solutions. By use of artificial intelligence approaches, researchers may open the path 

for a safer and more consistent future energy source.  
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