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Abstract 

Load forecasting is one of the most important applications in modern power systems. Accurate prediction of 

electrical load enables efficient power generation scheduling, economic dispatch, demand-side management, and 

integration of renewable energy resources. Traditional statistical forecasting methods have been widely used for 

decades; however, they often fail to capture nonlinear relationships present in electricity consumption data. 

Machine Learning (ML) techniques have emerged as effective alternatives due to their ability to learn complex 

patterns from historical data. This review paper presents an overview of machine learning techniques used for 

load forecasting, including Artificial Neural Networks (ANN), Support Vector Machines (SVM), Decision Trees,  
Random Forests, Gradient Boosting, and Deep Learning models such as Long Short-Term Memory (LSTM). The 

paper discusses different forecasting horizons, input variables, evaluation metrics, advantages, limitations, and 

future research directions.  
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1. INTRODUCTION 

Electrical load forecasting plays a significant role in planning and operation of modern power systems. Utilities 

require accurate demand prediction to maintain reliability while minimizing operational costs. Errors in forecasting 

may lead to excessive reserve generation or insufficient electricity supply. 

Traditional forecasting methods such as regression analysis, moving averages, exponential smoothing, and ARIMA 

models have been extensively employed. Although these methods perform well for linear datasets, they often 

struggle when dealing with nonlinear relationships caused by weather variations, consumer behavior, holidays, and 

renewable energy integration. 

Machine Learning techniques have significantly improved forecasting accuracy by automatically learning hidden 
patterns from historical electricity consumption data. With increasing smart meter deployment and smart grid  

technologies, utilities now possess enormous volumes of data suitable for machine learning applications. 

2. TYPES OF LOAD FORECASTING 

Load forecasting is generally classified according to prediction horizon. 

2.1 Very Short-Term Load Forecasting (VSTLF) 

Forecast horizon ranges from a few minutes to one hour. It is primarily used for real-time control and frequency 

regulation. 

2.2 Short-Term Load Forecasting (STLF) 
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Forecasts range from one hour to seven days. Applications include unit commitment, economic dispatch, and 

demand response. 

2.3 Medium-Term Load Forecasting (MTLF) 

Forecast period ranges from several weeks to one year. Utilities use medium-term forecasting for maintenance 

scheduling and fuel purchasing. 

2.4 Long-Term Load Forecasting (LTLF) 

Forecast horizon extends from one year to several decades and assists infrastructure planning and transmission 

expansion. 

3. FACTORS AFFECTING ELECTRICAL LOAD 

Several variables influence electricity demand: 

 Historical load  

 Temperature  

 Humidity  

 Wind speed  

 Solar radiation  

 Day of week  

 Holidays  

 Population growth  

 Industrial activity  

 Electricity price  

 Consumer behavior  

 Economic conditions  

Selecting relevant features significantly improves machine learning performance. 

4. MACHINE LEARNING TECHNIQUES USED IN LOAD FORECASTING 

4.1 Artificial Neural Networks (ANN) 

Artificial Neural Networks are among the earliest machine learning models applied to load forecasting. They consist 

of interconnected neurons arranged in input, hidden, and output layers. 

Advantages 

 Learns nonlinear relationships  

 Good prediction accuracy  

 Robust against noisy data  

Limitations 

 Requires large training datasets  

 May overfit  
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 Training can be computationally expensive  

4.2 Support Vector Machine (SVM) 

Support Vector Machines perform regression using kernel functions. 

Advantages 

 Effective with limited datasets  

 High generalization ability  

 Handles nonlinear data  

Limitations 

 Kernel selection is difficult  

 Training becomes slow for very large datasets  

4.3 Decision Tree 

Decision Trees divide the dataset into hierarchical branches according to feature values. 

Advantages include: 

 Easy interpretation  

 Fast implementation  

 Handles categorical variables  

Limitations include: 

 Overfitting  

 Lower prediction accuracy than ensemble methods  

4.4 Random Forest 

Random Forest combines multiple decision trees to improve prediction accuracy. 

Advantages: 

 High accuracy  

 Reduces overfitting  

 Handles missing values  

Limitations: 

 Higher computational cost  

 Less interpretable  

4.5 Gradient Boosting Machines 
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Gradient Boosting sequentially combines weak learners to minimize prediction error. 

Popular implementations include: 

 XGBoost  

 LightGBM  

 CatBoost  

Advantages: 

 Excellent forecasting accuracy  

 Handles nonlinear relationships  

Limitations: 

 Requires parameter tuning  

 Longer training time  

4.6 Long Short-Term Memory (LSTM) 

LSTM is a recurrent neural network specifically designed for sequential data. 

Advantages: 

 Captures long-term dependencies  

 Excellent performance on time-series forecasting  

 Handles nonlinear temporal relationships  

Limitations: 

 Computationally intensive  

 Requires large datasets  

 Longer training duration  

5. DEEP LEARNING IN LOAD FORECASTING 

Deep Learning has become increasingly popular because electricity demand exhibits temporal dependencies. 

Common deep learning architectures include: 

 Deep Neural Networks (DNN)  

 Recurrent Neural Networks (RNN)  

 Long Short-Term Memory (LSTM)  

 Gated Recurrent Unit (GRU)  

 Convolutional Neural Networks (CNN)  

6. PERFORMANCE EVALUATION METRICS 

Forecasting models are commonly evaluated using: 
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Mean Absolute Error (MAE) 

 

Mean Absolute Percentage Error (MAPE) 

 

Root Mean Square Error (RMSE) 

 

Mean Square Error (MSE) 

 

Lower values indicate better forecasting performance. 

7. LITERATURE REVIEW 

Several researchers have contributed to machine learning-based load forecasting. 

Hippert et al. (2001) conducted one of the earliest comprehensive reviews of neural networks for short-term load 

forecasting and concluded that ANN significantly outperformed conventional statistical approaches. 

Mohandes (2002) demonstrated that Support Vector Machines provide competitive forecasting accuracy, especially 

for nonlinear datasets. 

Fan and Hyndman (2012) reviewed short-term load forecasting methods and emphasized combining weather 

variables with historical demand. 

Hong et al. (2016) presented a comprehensive overview of modern forecasting techniques and highlighted ensemble 

learning approaches. 

Kong et al. (2017) applied LSTM networks for residential electricity forecasting and reported superior performance 

compared to traditional recurrent neural networks. 

Marino et al. (2016) proposed deep neural networks for short-term forecasting and demonstrated improved 

prediction accuracy. 

Abdel-Nasser and Mahmoud (2019) employed deep learning models integrating weather information to improve 

forecasting reliability. 
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Wang et al. (2019) compared multiple machine learning techniques and observed that LSTM consistently produced 

lower forecasting errors. 

8. COMPARISON OF MACHINE LEARNING TECHNIQUES 

Technique Accuracy Training Time Handles Nonlinearity Interpretability 

ANN High Medium Yes Low 

SVM High Medium Yes Medium 

Decision Tree Medium Low Moderate High 

Random Forest High Medium Yes Medium 

Gradient Boosting Very High High Yes Low 

LSTM Very High High Excellent Low 

 

9. CHALLENGES 

Current challenges include: 

 Missing data  

 Data quality issues  

 Feature selection  

 Model interpretability  

 Computational complexity  

 Renewable energy uncertainty  

 Cybersecurity concerns  

 Real-time forecasting  

10. FUTURE RESEARCH DIRECTIONS 

Future studies should focus on: 

 Explainable Artificial Intelligence (XAI)  

 Federated learning  

 Transfer learning  

 Hybrid deep learning architectures  

 Edge computing  

 Graph Neural Networks  

 Smart grid integration  

 Probabilistic forecasting  

11. CONCLUSION 

Machine learning has significantly transformed electrical load forecasting. Traditional statistical models remain 

useful for simple forecasting tasks; however, machine learning techniques provide superior performance for 

nonlinear and large-scale datasets. Artificial Neural Networks, Support Vector Machines, Random Forests, and 

Gradient Boosting have demonstrated high forecasting accuracy. More recently, deep learning architectures, 
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particularly LSTM networks, have become the dominant approach due to their ability to capture temporal 

dependencies in electricity demand. Despite these advances, challenges such as model interpretability, data quality, 

and computational complexity remain active research areas. Future work is expected to integrate explainable AI, 

hybrid learning models, and smart grid technologies to achieve more reliable and efficient forecasting. 
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