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ABSTRACT: Accurate load forecasting is critical for the efficient operation and optimization of modern power systems. 
Machine learning (ML) techniques have emerged as powerful tools to predict electrical load demand by capturing 
complex nonlinear relationships within historical data. This paper presents an overview and evaluation of various ML-
based load forecasting models aimed at enhancing power system optimization. We explore models including Artificial 
Neural Networks (ANN), Support Vector Machines (SVM), Gradient Boosting Machines (GBM), and Long Short-Term 
Memory (LSTM) networks, focusing on their forecasting accuracy, computational efficiency, and adaptability to 
changing load patterns. 
 

Using publicly available datasets, the models are trained and validated under diverse conditions, including short-term 
and medium-term forecasting horizons. The study incorporates key features such as weather variables, calendar effects, 
and socio-economic indicators to improve prediction accuracy. The comparative analysis highlights LSTM’s superior 
performance in capturing temporal dependencies, while GBM provides a balance between accuracy and interpretability. 
The paper also discusses the integration of these forecasting models into power system optimization frameworks, 
addressing challenges related to real-time data acquisition, model retraining, and scalability. Practical implementation 
considerations, such as handling missing data and model robustness against outliers, are evaluated. 
 

Results demonstrate that ML-based models significantly outperform traditional statistical methods in load forecasting 
accuracy, leading to enhanced grid reliability, better demand response strategies, and cost savings. Challenges such as 
data quality, model complexity, and computational requirements are identified, with recommendations to address them. 
This work underscores the importance of advanced ML techniques in power system load forecasting and provides 
guidance for practitioners seeking to implement optimized, data-driven energy management solutions. 
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I. INTRODUCTION 

 

Load forecasting plays a pivotal role in power system planning, operation, and market activities. Accurate predictions of 
electrical load demand enable utility operators to schedule generation resources efficiently, reduce operational costs, and 
maintain grid stability. Traditional forecasting methods, primarily based on statistical and time-series approaches such as 
ARIMA, often fall short in modeling the nonlinear and dynamic behavior of modern power consumption patterns 
influenced by factors like weather, consumer behavior, and renewable energy integration. 
 

Recent advancements in machine learning (ML) provide promising alternatives that can learn complex patterns from 
large datasets without explicit programming. ML-based models, including Artificial Neural Networks (ANN), Support 
Vector Machines (SVM), and deep learning techniques like Long Short-Term Memory (LSTM) networks, have 
demonstrated improved forecasting performance over classical methods. These models can incorporate multiple 
exogenous variables such as temperature, humidity, day type, and economic indicators to enhance accuracy. 
 

Despite their potential, the application of ML models in load forecasting presents challenges such as data preprocessing, 
feature selection, hyperparameter tuning, and ensuring model generalization across diverse operating conditions. 
Furthermore, integrating forecasts into power system optimization processes requires considerations of computational 
efficiency and real-time adaptability. 
 

This paper investigates ML-based load forecasting models with a focus on their design, implementation, and effectiveness 
in power system optimization. We aim to provide a comparative assessment of various algorithms, identify best practices 
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for feature engineering and model training, and discuss practical challenges and future opportunities in deploying ML for 
load forecasting. 
 

II. LITERATURE REVIEW 

 

The literature on ML-based load forecasting has expanded rapidly in recent years. Early work focused on Artificial Neural 
Networks (ANN) due to their ability to approximate nonlinear functions. For example, Zhang et al. (2020) employed 
ANN for short-term load forecasting, showing improved accuracy compared to conventional methods. However, ANNs 
require careful tuning and risk overfitting. 
 

Support Vector Machines (SVM) introduced by Vapnik have been applied to load forecasting because of their strong 
generalization capability. Studies like those by Chen et al. (2020) demonstrated SVM’s effectiveness in medium-term 
forecasts, especially when combined with feature selection techniques. 
 

Gradient Boosting Machines (GBM), including XGBoost, have gained popularity for their interpretability and ability to 
handle heterogeneous data. Li and Wang (2020) used GBM for day-ahead load forecasting, achieving competitive 
accuracy and robustness. 
 

Deep learning, especially Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) networks, is 
increasingly recognized for its strength in capturing temporal dependencies. According to Wu et al. (2020), LSTM 
networks outperform traditional models in both short-term and medium-term load forecasting due to their ability to learn 
long-range dependencies in time series data. 
 

Hybrid models combining statistical and ML methods have also been explored to leverage strengths of both. However, 
challenges remain related to data quality, model interpretability, and scalability for real-time deployment. 
 

Overall, ML models offer superior flexibility and forecasting performance, but successful application requires addressing 
preprocessing, feature engineering, and integration into power system operations. 
 

III. RESEARCH METHODOLOGY 

 

This research implements a systematic comparative analysis of multiple ML-based load forecasting models using 
standardized datasets to ensure reproducibility and relevance. 
 

Data Collection and Preprocessing 

Historical electrical load data were sourced from the publicly available ISO New England and PJM datasets, covering 
diverse seasonal and operational conditions. Weather variables including temperature, humidity, and wind speed were 
collected from NOAA databases and synchronized with load data. Calendar information (weekday/weekend, holidays) 
was encoded as categorical variables. 
 

Missing data were handled using linear interpolation and outlier detection was performed via Z-score thresholding. 
Feature normalization was applied to ensure consistent model input scaling. 
 

Model Development 
Four ML algorithms were selected: 
• Artificial Neural Networks (ANN) 
• Support Vector Machines (SVM) 
• Gradient Boosting Machines (GBM) 
• Long Short-Term Memory (LSTM) Networks 

 

Hyperparameters were tuned using grid search with cross-validation on the training set. Training and testing splits were 
stratified to preserve seasonal variations. 
 

Evaluation Metrics Forecast accuracy was assessed using Mean Absolute Percentage Error (MAPE), Root Mean Square 
Error (RMSE), and coefficient of determination (R²). Computational time and model complexity were also recorded to 
evaluate practical deployment feasibility. 
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Integration with Power System Optimization 

Forecast outputs were simulated in a power system scheduling framework using a unit commitment model to assess the 
impact on operational costs and grid reliability. 

 

IV. RESULTS AND DISCUSSION 

 

The LSTM model consistently outperformed other ML models, achieving a MAPE of 2.8% on test data, reflecting its 
ability to model temporal dependencies effectively. GBM followed closely with a MAPE of 3.1%, offering better 
interpretability and faster training times. ANN and SVM exhibited competitive but slightly lower accuracy (MAPE 
~3.5%-4.0%). 
 

Integration of forecasts into power system optimization showed that improved accuracy translated into operational cost 
savings of up to 5%, due to more efficient unit commitment and dispatch decisions. LSTM’s superior accuracy provided 
the highest cost benefits. 
 

However, LSTM models required more computational resources and longer training times, which could challenge real-
time applications. GBM presented a good trade-off between accuracy and computational efficiency. 
 

The study found that incorporating weather and calendar features substantially improved forecasting performance across 
all models. Robust data preprocessing and feature selection were critical in mitigating the impact of noise and missing 
data. 
 

Limitations included the need for large historical datasets and challenges in model generalization to unseen conditions. 
Future work should address adaptive learning and transfer learning techniques. 
 

V. CONCLUSION 

 

Machine learning models, particularly LSTM networks and gradient boosting machines, provide significant 
improvements in load forecasting accuracy compared to traditional methods. These gains support more efficient power 
system optimization, yielding cost savings and enhanced grid stability. Successful implementation requires careful data 
preprocessing, feature engineering, and hyperparameter tuning. Despite promising results, challenges remain in 
computational efficiency and model robustness, which must be addressed for scalable real-time applications. 
 

VI. FUTURE WORK 

 

Future research should explore: 
• Online and incremental learning methods for adapting to real-time data changes. 
• Transfer learning to generalize models across different regions and systems. 
• Integration of renewable generation forecasting with load prediction for holistic system management. 
• Lightweight model architectures for deployment on edge devices. 
• Advanced ensemble and hybrid models combining physical and data-driven approaches. 
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