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Abstract: The evolution of conventional power systems into smart 

grids demands intelligent and efficient energy management 

solutions. Accurate load forecasting is essential for optimal 

generation scheduling, demand-side management, and system 

reliability. However, traditional methods often fail to capture the 

nonlinear and time-varying nature of electrical loads. This work 

proposes a machine learning–based approach for local load 

forecasting and grid stability enhancement. Techniques such as 

Artificial Neural Networks (ANN) and Support Vector Machines 

(SVM) are utilized to analyze historical load and weather data for 

improved prediction accuracy. In addition, a predictive control 

strategy is implemented to maintain system stability by mitigating 

voltage fluctuations, frequency deviations, and load imbalances. 

The proposed model dynamically adjusts control actions such as 

demand response and load shedding. Simulation results demonstrate 

reduced forecasting errors (MAE, RMSE) and improved voltage 

and frequency regulation, ensuring enhanced reliability, efficiency, 

and stable operation of modern smart grid systems. 
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1. Introduction 

The rapid evolution of modern power systems into smart grids has introduced significant challenges in 

maintaining system stability and reliability due to the increasing penetration of renewable energy sources, 

distributed generation, and dynamic load patterns. Unlike conventional power systems, smart grids operate in 

a highly decentralized and data-driven environment, where fluctuations in generation and demand can lead to 

voltage instability, frequency deviations, and power quality issues. 

One of the key requirements for ensuring stable operation in such systems is accurate local forecasting, which 

enables proactive decision-making and efficient energy management. Traditional forecasting techniques, based 

on statistical and deterministic models, often fail to capture the nonlinear and stochastic nature of renewable 

energy sources such as solar and wind. These limitations result in forecasting errors that can adversely affect 

grid stability and operational efficiency. 

To address these challenges, machine learning (ML) techniques have emerged as powerful tools for local 

forecasting and stability enhancement in smart grids. ML models such as Artificial Neural Networks (ANN), 

Support Vector Machines (SVM), Decision Trees, and ensemble learning methods can learn complex patterns 

from historical data and provide accurate predictions of load demand, renewable generation, and system 

behavior. These models are capable of adapting to changing conditions and handling uncertainties more 

effectively than conventional methods. 
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In addition to forecasting, ML-based approaches play a crucial role in stability enhancement by enabling real-

time monitoring, anomaly detection, and intelligent control of grid components. By integrating forecasting 

outputs with control strategies, the system can anticipate disturbances and take preventive actions such as load 

balancing, demand response, and distributed energy resource management. 

This paper presents a machine learning-based framework for local forecasting and stability enhancement in 

smart grids. The proposed approach aims to improve prediction accuracy, enhance system resilience, and 

support efficient operation of modern power networks. The integration of ML techniques with smart grid 

infrastructure provides a scalable and intelligent solution for addressing the challenges of future energy 

systems. 

 

S. No. Author(s) & Year Method Used Data/Approach Key Results / Findings 

1 Hong and Fan (2016) 
Probabilistic 

Forecasting 
Historical load data 

Improved uncertainty 

modeling in load prediction 

2 Fallah et al. (2019) 
ML (ANN, 

SVM) 
Smart grid datasets 

ML models outperform 

traditional statistical methods 

3 
Raju and Kumar 

(2020) 
ML + IoT Real-time IoT data 

Achieved better real-time 

prediction accuracy 

4 Liu et al. (2020) 
Edge ML 

Model 
Edge sensing data 

Reduced latency and 

improved forecasting 

efficiency 

5 Jha and Singh (2021) ANN Historical + weather data 
High accuracy in short-term 

load forecasting 

6 Aslam et al. (2021) 
Deep Learning 

(LSTM) 
Large datasets 

DL models provide superior 

performance over ML 

7 
Ibrahim and 

Khosravi (2022) 
ML Models Smart grid data 

Reduced forecasting error 

(low RMSE, MAE) 

8 
Salehimehr et al. 

(2022) 
AI Techniques Power system datasets 

Improved short-term 

forecasting reliability 

9 
Dewangan et al. 

(2023) 

ML with 

Smart Meter 

Data 

Real-time smart meter 

data 

Enhanced prediction using 

fine-grained data 

10 
Kumar and Yan 

(2023) 

ML-based 

Demand 

Response 

Demand-side data 
Improved energy 

management efficiency 

11 Masood et al. (2024) 
ML 

Techniques 
Smart grid datasets 

Demonstrated accuracy 

improvements over 

conventional methods 

12 Biswal et al. (2024) 
ML & DL 

Review 
Literature survey 

Identified trends and future 

research directions 

13 Sarker et al. (2024) Deep Learning Large-scale datasets 
LSTM and hybrid models 

yield best performance 

14 Zairi et al. (2025) 
Hybrid DL 

Model 
Smart grid data 

Achieved high prediction 

accuracy with reduced error 

15 Rahman et al. (2024) 
Federated 

Learning 
Distributed datasets 

Improved data privacy and 

forecasting performance 

16 Recent Study (2026) 
ML-based 

Forecasting 
Peak load datasets 

Enhanced peak demand 

control and grid stability 

 

The increasing integration of renewable energy sources and distributed generation has significantly 

transformed conventional power systems into smart grids. However, the intermittent and stochastic nature of 

renewable sources introduces challenges in maintaining grid stability and reliable operation. Accurate 

forecasting and intelligent control mechanisms are therefore essential for balancing supply and demand in real 

time. Traditional forecasting techniques such as ARIMA and regression models have been widely used for 

load prediction. However, these methods fail to capture nonlinear relationships and dynamic variations in 

smart grid environments. To address these limitations, machine learning (ML) approaches such as Support 

Vector Machines (SVM), Decision Trees, and Random Forests have been introduced, offering improved 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

           ISSN: 3108-1754 (Online) 

Volume 02 Issue 04 April-2026 | Impact Factor: 3.5 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                                3 

forecasting accuracy and adaptability. Artificial Neural Networks (ANNs) have further enhanced forecasting 

capabilities by modeling nonlinear system behavior. ANN-based approaches have demonstrated improved 

performance in load forecasting and grid stability prediction compared to classical statistical methods. 

However, their performance depends on feature engineering and parameter tuning, which can limit scalability. 

Recent research has focused on deep learning (DL) techniques, including Convolutional Neural Networks 

(CNN), Recurrent Neural Networks (RNN), and Long Short-Term Memory (LSTM) networks. These models 

automatically extract features from large datasets and capture temporal dependencies in time-series data. 

Studies have reported that deep learning models significantly improve forecasting accuracy and stability 

prediction in smart grids. 

Hybrid deep learning models combining CNN and LSTM architectures have gained attention due to their 

ability to capture both spatial and temporal features. For instance, CNN–BiLSTM models with attention 

mechanisms have shown superior performance in short-term load forecasting and stability prediction tasks. 

Reinforcement learning (RL) techniques have also been explored for real-time control and stability 

enhancement. RL-based approaches enable adaptive decision-making by learning optimal control policies 

under uncertain conditions. Recent studies propose hybrid ML–RL frameworks that integrate prediction and 

control, significantly improving grid stability and operational efficiency. Ensemble learning methods have 

further improved prediction reliability by combining multiple models. For example, stacking-based ensemble 

models have demonstrated high predictive accuracy (above 99%) and enhanced real-time monitoring 

capabilities in smart grid environments. 

 

 

2. SYSTEM ARCHITECTURE 

 
Fig. 1: Functional blocks that enable real-time forecasting and intelligent stability control in smart grid 

networks 

The proposed block diagram Figure 1 represents an intelligent smart grid framework that integrates machine 

learning techniques for local forecasting and real-time stability control. The architecture is designed as a 

closed-loop system, enabling continuous monitoring, prediction, and corrective action to ensure reliable and 

efficient grid operation. The system begins with smart sensors and IoT-enabled devices deployed across the 

grid infrastructure, including generation units, transmission lines, substations, and end-user loads. These 

devices continuously measure key electrical parameters such as voltage, current, frequency, and power 

demand. The collected real-time data is transmitted to the next stage through a communication network. The 

data acquisition and preprocessing unit collects raw data from multiple sources and prepares it for analysis. 

This stage involves signal conditioning, noise filtering, data normalization, and handling of missing or 
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inconsistent values. Proper preprocessing ensures that the data is accurate and suitable for machine learning 

applications. A historical data storage system maintains past records of grid performance, which are essential 

for training and validating machine learning models. This database helps in identifying consumption patterns, 

seasonal variations, and system behavior under different operating conditions. The core component is the 

machine learning forecasting module, which uses advanced algorithms such as Artificial Neural Networks 

(ANN), Long Short-Term Memory (LSTM), or regression models. This module predicts short-term load 

demand, renewable energy generation, and potential instability scenarios. Accurate forecasting allows the 

system to anticipate issues before they occur. The output of the forecasting module is fed into the decision-

making and control unit, which analyzes predicted conditions and determines appropriate control strategies. 

Based on this analysis, control signals are generated to maintain system stabilityThe stability control module 

ensures proper voltage regulation, frequency stability, and power balance within the grid. It may employ 

conventional controllers (such as PID) or advanced adaptive and AI-based control techniques to respond 

dynamically to changing grid conditions. Finally, the grid management system executes the control actions, 

including load balancing, demand response, distributed generation control, and, if necessary, load shedding. 

This ensures efficient utilization of resources and prevents system instability. A continuous feedback loop 

updates the system with real-time data, improving both forecasting accuracy and control performance. Overall, 

the architecture provides a robust, adaptive, and intelligent solution for modern smart grid networks, 

enhancing reliability, efficiency, and sustainability. 

The proposed machine learning–based smart grid system operates by continuously monitoring, forecasting, 

and controlling power flow to maintain system stability. Renewable energy sources such as solar and wind 

generate power that is inherently variable due to environmental conditions. Simultaneously, the load demand 

in the grid fluctuates dynamically. To manage this uncertainty, voltage and current sensors collect real-time 

data from different parts of the system, including generation, storage, and load units. These signals are 

processed through filtering and feature extraction techniques to obtain meaningful parameters such as RMS 

values and power levels. The processed data is then fed into a machine learning model, such as an Artificial 

Neural Network (ANN) or Long Short-Term Memory (LSTM) network, which has been trained using 

historical data. The model performs short-term local forecasting of both load demand and renewable energy 

generation. Based on these predictions, the control system makes intelligent decisions to balance supply and 

demand. For instance, if the predicted generation exceeds demand, the excess energy is stored in the battery 

system; conversely, during a predicted deficit, the stored energy is supplied to the grid or additional power is 

drawn from the utility grid.  

The control module continuously adjusts the operation of power electronic converters, battery 

charging/discharging, and grid interaction to maintain voltage and frequency within permissible limits. This 

closed-loop process ensures real-time stability enhancement, minimizes power fluctuations, and improves 

overall system efficiency. By integrating forecasting with control, the system proactively responds to 

disturbances, making it highly suitable for modern smart grid applications. 

 

3. MAT Lab / Simulink Diagram: 

The MATLAB Simulink model shown in Figure 2 represents the integrated framework for local load 

forecasting and stability control in a smart grid environment. The simulation includes key components such as 

distributed energy sources (solar/wind), loads, and grid interconnection blocks. Measurement units 

continuously capture voltage, current, and load demand data, which are then processed for feature extraction. 

A machine learning module—implemented using techniques such as Artificial Neural Networks (ANN) or 

Support Vector Machines (SVM)—is trained using historical load and weather data to predict future demand 

accurately. The forecasted output is fed into a predictive control system that dynamically manages grid 

operations. Control actions such as demand response, load shedding, and voltage regulation are triggered to 

maintain system stability. The model also includes monitoring and visualization blocks to analyze system 

performance. This simulation framework demonstrates improved forecasting accuracy and enhanced grid 

stability under varying load and generation conditions. 
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Fig. 2: MATLab Simulation Model 

 

4. Results and Discussion 

The proposed machine learning–based smart grid system was implemented and tested in MATLAB/Simulink 

under varying load and renewable generation conditions. The system successfully performed short-term local 

forecasting of load demand and renewable energy output using trained machine learning models such as ANN 

and LSTM. 

• The forecasting results showed in fig 2 a high level of accuracy, with prediction performance exceeding 

90–95%, closely matching actual system values. The comparison between forecasted and actual load 

demonstrated minimal error, indicating the effectiveness of the learning model in capturing nonlinear and 

time-varying patterns. 

• The integration of the forecasting module with the control system enabled real-time stability enhancement. 

Voltage and frequency profiles were maintained within acceptable limits (±5% for voltage and 49.5–50.5 

Hz for frequency) even under sudden changes in load and generation. The energy storage system 

effectively responded to forecasted conditions by charging during excess generation and discharging during 

demand peaks in fig 3. 

• Simulation results also confirmed that the proposed control strategy reduced power fluctuations, improved 

load balancing, and enhanced overall system efficiency. The system demonstrated fast response and 

adaptability, ensuring continuous and stable operation of the smart grid in fig 4. 
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Fig 2: The graph shows a close overlap between predicted and actual load curves, confirming high forecasting 

accuracy (above 90–95%) 

 
Fig.3: Error plots indicate low MAE and RMSE values, validating the robustness of the machine learning 

model. The error distribution remains stable across time, with no significant spikes, ensuring reliable 

predictions 
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Fig 4: Voltage waveform remains within ±5% limits even during disturbances. The control system effectively 

mitigates voltage sags and restores normal operation quickly, ensuring system stability 

 
Fig. 5: Frequency deviations are minimized within the acceptable range (49.5–50.5 Hz). The system rapidly 

damps oscillations, indicating strong dynamic stability and effective control action 
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Fig: 6. Graph illustrates intelligent energy storage behavior—charging during low demand and discharging 

during peak periods. Demand response actions effectively reduce load stress and improve overall efficiency 

 

Conclusions 

This paper presented a machine learning–based framework for local forecasting and stability enhancement in 

smart grids using MATLAB/Simulink. The proposed system integrates renewable energy sources, energy 

storage, and intelligent forecasting techniques to address the challenges of variability and uncertainty in 

modern power systems. The results indicate that machine learning models significantly improve forecasting 

accuracy and enable proactive control of grid operations. The integration of forecasting with real-time control 

ensures effective power management, reduces instability, and enhances system reliability. 
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