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Abstract: The review covers a spectrum of energy sources, like solar power, wind power. It also delves into aspects of 

energy prediction such as forecasting energy demand predicting energy production and estimating energy consumption. 

The review carefully analyses the machine learning algorithms employed in these applications the data sources utilized 

and the performance metrics used to assess their effectiveness. This analysis provides insights, into the strengths and 

limitations of these approaches. 
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I. INTRODUCTION 

 

The shift, towards energy sources is a global priority to combat climate change and ensure future energy demands are 

met. Sustainable energy solutions like solar, wind and hydropower are components of this transition. However their 

intermittent and variable nature poses challenges for energy supply and management. To tackle this challenge machine 

learning has emerged as a tool for predicting and optimizing energy production and consumption. In this literature review 

we delve into the emerging field of energy prediction using machine learning techniques. Machine learning’s capability 

to process amounts of data and derive meaningful insights plays a role in achieving our goals. In addition to discussing 

how machine learning models might improve predicting accuracy, we will also discuss the challenges posed by energy 

sources, such as their dependence on the weather. In an effort to shed light on the advancements made thus far, obstacles 

encountered, and opportunities ahead in the quest for a sustainable and ecologically friendly energy future, this literature 

review will examine the current state of research in machine learning for energy prediction. For that reason, this machine 

learning-based sustainable energy prediction model can be quite helpful. To ensure effective energy management, 

integrate renewable energy sources into the Power Grid system, and lessen reliance on fossil fuels, accurate energy 

prediction is crucial. By utilizing enormous volumes of data to produce precise forecasts, machine learning (ML) 

algorithms have become effective instruments for predicting energy output and consumption. Insights into the methods, 

uses, and effectiveness of the several machine learning algorithms for sustainable energy prediction are provided by this 

overview of the literature. This study intends to guide future research and practical implementations in sustainable energy 

management by emphasizing current accomplishments and addressing obstacles. The complex and dynamic nature of 

energy systems is frequently overlooked by traditional methodologies, which rely on linear models and historical data. 

Due to their ability to improve prediction through complex algorithms and massive datasets, machine learning (ML) 

approaches are becoming increasingly popular. 

 
II. TECHNOLOGIES FOR SUSTAINABLE ENERGY PREDICTION: AN EXTENSIVE OVERVIEW 

 
A. Neural Artificial Networks (ANN) 

Because Artificial Neural Networks (ANNs) can represent non-linear interactions between input and output variables, 

they are widely used in energy prediction. ANNs are made up of linked nodes, or neurons, arranged in layers and are 

modelled after the neural networks seen in the human brain. 
 

y=f(W⋅x+b) 
 

B.  Support Vector Machines (SVM) 

Robust classifiers used for regression problems in energy prediction are Support Vector Machines (SVM). The optimal 

hyperplane for dividing the data into discrete groups is found using SVMs. SVMs are useful for predicting trends in 

energy production and consumption because they can handle non-linear correlations using kernel functions. 
 

𝑓(𝑥) = ∑ 𝛼𝐾(𝑥i, 𝑥) + 𝑏𝑁
𝑖=1   
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C. Random  Forests (RF) 

An ensemble learning technique called Random Forests (RF) combines many decision trees to minimize overfitting and 

improve prediction accuracy. Each tree in the forest votes for a different outcome, and the final forecast is decided by the 

majority of the votes. Because RFs are good at capturing the fluctuation and uncertainty in energy prediction, they are a 

solid option for predicting the generation of renewable energy. 
 

D. Models that are Hybrid 

Hybrid models combine many machine learning approaches to take advantage of their advantages and minimize their 

disadvantages. For example, you may improve the predicted accuracy and resilience by combining ANNs with SVMs or 

RFs. These models provide a versatile approach to projecting sustainable energy since they can be adjusted to fit various 

datasets and time periods. 
 

Hybrid Model Output=α⋅ANN Output+β⋅SVM Output+γ⋅RF Output 
 

E. Collaborative Learning 

The predictions of several models are combined using ensemble learning techniques to increase overall accuracy and 

resilience. In energy prediction, techniques like stacking, Random Forests, and Gradient Boosting Machines (GBMs) are 

frequently employed. Ensemble approaches can capture a variety of patterns in energy data by utilizing the advantages 

of distinct models, improving prediction accuracy and lowering mistakes. By using collaborative learning we can easily 

make sustainable energy predictions in an easy and efficient manner. 
 

F. Frameworks for Deep Learning 

Energy prediction has demonstrated exceptional by its performance using deep learning frameworks such as 

Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks. When it comes to time-series 

forecasting, LSTM networks excel in identifying long-term relationships in energy data. However, because CNNs are so 

good at extracting spatial elements from data, they may be used to predict solar and wind energy using meteorological 

and geographic data. This Frameworks vary from simple frameworks to complex frameworks used to make predictions. 
 

G. Transfer  Learning 

Transfer learning is the process of applying taught models to tasks that are similar in order to enhance performance on 

the target task. By utilizing information from related fields, transfer learning in sustainable energy forecasting can quicken 

model training and improve accuracy. This method allows for precise and efficient energy forecasting, and it is especially 

helpful in situations when there is a lack of labelled data. 

 

III. STUDY OF RELATED WORK 
 

The use of machine learning techniques to forecast sustainable energy has attracted a lot of interest lately. One noteworthy 

study models intricate interactions between meteorological factors and solar irradiance using Artificial Neural Networks 

(ANNs) to anticipate solar energy output and achieves good accuracy. This method shows how ANNs may be used to 

optimize solar energy installations. Utilizing Support Vector Machines (SVMs) to forecast wind speeds for wind energy 

generation is another noteworthy achievement. This technique achieves robust performance by adding meteorological 

data and tweaking hyperparameters, demonstrating the efficacy of SVMs in handling high-dimensional and non-linear 

data for wind energy forecasting. Researchers have also examined ensemble learning techniques like Random Forests 

and Gradient Boosting Machines (GBMs) to estimate power usage. Through the integration of many models, these 

methods improve prediction accuracy and robustness. Ensemble learning algorithms have shown promise in recognizing 

complex patterns in energy consumption data to facilitate efficient energy management. Moreover, long short-term 

memory (LSTM) networks and other deep learning frameworks have been used to predict energy use in smart grids. 

LSTMs facilitate the integration of renewable energy sources into the grid by providing precise and dependable forecasts 

by identifying long-term relationships in time-series data. 
 

Additionally, hybrid models combining fuzzy logic and artificial neural networks (ANNs) have been introduced for the 

prediction of solar energy. These models handle uncertainty better and boost forecast accuracy by integrating the best 

aspects of many approaches. Hybrid approaches have proven to perform better than separate models, suggesting their 

potential application in the forecast of sustainable energy. The application of transfer learning to wind energy prediction 

is gaining attention. Researchers can speed up training and increase prediction accuracy by utilizing pre-trained models 

from similar areas. When there is a lack of labelled data, transfer learning is very helpful since it enables the model to 

take use of information from other settings. Hydropower generation predictions have also been made using machine 

learning techniques. Numerous studies have evaluated how well various machine learning methods—such as decision 

trees, support vector machines, and neural networks—perform in forecasting hydropower output. By identifying the best 

models for various hydropower situations, these comparisons aid in the management of water resources more effectively. 
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IV. ADDITIONAL STUDIES AND TECHNIQUES 

 

The integration of machine learning algorithms with Internet of Things (IoT) devices for real-time energy forecast and 

monitoring has also been the subject of recent studies. Machine learning models may provide more precise and timely 

energy forecasts by gathering real-time data from Internet of Things sensors.  

 

The application of reinforcement learning to smart grid energy optimization is another new trend. Through contact with 

the environment, reinforcement learning algorithms are able to learn the best energy management tactics, continually 

increasing performance based on input. In dynamic and complicated energy systems, where conventional optimization 

approaches might not be as effective, this approach shows special promise. 

 

Moreover, graphical models based on probability, such Bayesian networks, have been used to simulate the uncertainty in 

energy forecasts. These models provide more reliable predictions in uncertain contexts because they can manage missing 

data and include expert knowledge. 

 

TABLE I 

COMPREHENSIVE LITERATURE REVIEW OF RELATED WORK 

 
Reference Title Technique Remarks 

 

[1] Solar Energy Prediction Using 

Artificial Neural Networks 

Artificial Neural 

Networks (ANNs) 

 Achieved high accuracy by modeling 

complex relationships . 

 
 

[2] Wind Speed Prediction Using 

Support Vector Machines 

Support Vector Machines 

(SVMs) 

Achieved robust performance by 

optimizing hyperparameters. 

 
[3] Electricity Demand Prediction 

Using Ensemble Learning 

 

Random Forests, 

Gradient Boosting 

Machines (GBMs) 

 

Improved prediction accuracy and 

robustness by combining the strengths 

of multiple models. 

 

[4] Energy Consumption 

Forecasting in Smart Grids 

Using LSTM Networks 

 

Long Short-Term 

Memory (LSTM) 

Networks 

 

Provided accurate and reliable 

predictions by capturing long-term 

dependencies in time-series data. 

 

[5] Hybrid Models for Solar 

Energy Prediction 

 

Artificial Neural 

Networks (ANNs), Fuzzy 

Logic 

 

real- Enhanced ability to handle 

uncertainty and improved prediction 

accuracy. 

[6] Transfer Learning for Wind 

Energy Prediction 

 

Transfer Learning 

 

Accelerated model training and 

enhanced accuracy by leveraging 

knowledge from related domains. 

[7] Machine Learning Techniques 

for Hydropower Prediction 

 

Various ML Techniques Compared the performance of different 

ML techniques in predicting 

hydropower generation. 

 

[8] Real-Time Energy Monitoring 

with IoT and ML 

IoT, Machine Learning Enabled real-time energy predictions 

through the integration of IoT sensor 

data with machine learning models. 
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TABLE II 

Comparative Analysis of Techniques 

 

Technique Advantages Disadvantages  Example Application 

 

Artificial Neural Networks 

(ANNs) 

High accuracy, can model 

complex relationships  

 

Requires large datasets, 

computationally intensive 

Solar energy prediction 

 Support Vector Machines 

(SVMs) 

Effective for non-linear 

and high-dimensional data 

 

Sensitive to choice 

of kernel and 

hyperparameters 

 

 Wind speed prediction 

Random Forests (RF) Robust to overfitting, 

handles large datasets well 

Can be less 

interpretable than 

simpler models 

+ Electricity demand prediction 

 

 Gradient Boosting 

Machines (GBMs) 

 

Combines strengths of 

multiple models for high 

accuracy 

 

Computationally 

intensive, sensitive 

to overfitting  

 

 Electricity demand prediction 

Long Short-Term Memory 

(LSTM) 

Captures long-term 

dependencies in time-

series data 
 

Requires large amounts of 

data, computationally 

intensive 
 

Energy consumption 

forecasting in smart grids 

 

Hybrid Models Integrates strengths of 

different techniques, 

handles uncertainty 

 

More complex to 

implement and interpret 

 

Solar energy prediction with 

ANN and fuzzy logic 

 

Transfer Learning Reduces training time, 

leverages knowledge from 

related domains 

 

Depends on the relevance 

of the pre-trained model 

 

Wind energy prediction 

 

Reinforcement Learning Learns adaptive strategies 

through interaction 

Requires extensive training, 

complex to implement 

Smart grid energy 

optimization 

 
V. DIFFICULTIES AND FUTURE GOALS 

 

There are still a number of obstacles to overcome in machine learning-based energy prediction, despite the encouraging 

developments. In order to further increase the precision and dependability of ML models in the forecast of sustainable 

energy, these issues must be resolved. 
 

A. Interpretability of the Model: 

The Making sense of energy systems and making decisions requires machine learning models to be comprehensible. 

Deep neural networks are an example of a complex model that can be difficult to interpret. The development of 

interpretability approaches for models, like feature importance analysis and visualisation methods, can improve the 

transparency and reliability of machine learning predictions. 
 

B. Processing in real time and scalability: 

 Another major problem is deploying machine learning models for scalability and real-time energy prediction. For energy 

systems to make choices on time, projections must be made quickly and accurately. Applying machine learning models 

to edge computing devices or scalable cloud platforms can guarantee effective energy management and improve real-

time processing speed. 
 

C. Capacity to Adjust to Changing Circumstances: 

Energy systems are dynamic and subject to many influences, including changes in the weather, advances in technology, 

and shifts in governmental regulations. For machine learning models to continue producing accurate predictions, these 
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conditions must be adjusted. Adaptive learning strategies in conjunction with ongoing model updating and retraining can 

enhance the adaptability of machine learning models in dynamic contexts. 

 

D. Energy Management System Integration 

It can be difficult to integrate machine learning models with current energy management systems. It is necessary to handle 

compatibility problems, data integration difficulties, and the requirement for smooth communication across various 

systems. Standardised interfaces and protocols can help integrate ML-driven energy prediction systems more easily and 

more effectively. 

 

VI. CONCLUSION 

 

The transformative potential of machine learning technology in the prediction of sustainable energy is highlighted in this 

overview of studies. Researchers and practitioners can use state-of-the-art techniques such as ensemble learning, deep 

learning frameworks, artificial neural networks (ANNs), support vector machines (SVMs), and hybrid models to increase 

the accuracy and reliability of energy forecasts. These advancements might lead to better energy management, better 

integration of renewable energy sources, and ultimately a more sustainable energy future. The study emphasises how 

critical it is to address issues with data quality, interpretability of models, scalability, flexibility, and integration with 

current systems. Future studies should concentrate on creating reliable and understandable models, enhancing procedures 

for gathering and preparing data, and investigating novel ideas for adaptive and real-time energy prediction.To sum up, 

a potential area in energy management is the incorporation of machine learning algorithms in sustainable energy 

prediction. We can attain more accurate and dependable energy forecasts by solving the issues that have been highlighted 

and utilising the advantages of different machine learning technologies. This will help the worldwide drive towards 

sustainable energy utilisation. 
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