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Abstract—Demand-Side Management (DSM) is an 

essential approach in smart grid systems for efficient 

utilization of electrical energy in residential sectors. It 

enables consumers to make informed decisions regarding 

their energy consumption, thereby reducing peak 

demand and improving overall grid reliability. This 

project focuses on the implementation of an 

optimization-based DSM strategy using MATLAB to 

manage residential load effectively. 

The proposed system incorporates advanced 

optimization techniques such as Binary Orientation 

Search Algorithm (BOSA), Sparrow Search Algorithm 

(SSA), and Cockroach Swarm Optimization (CSO) to 

schedule household appliances. These algorithms help in 

shifting loads from peak hours to off-peak periods, 

thereby minimizing electricity cost and reducing peak 

load demand. Additionally, the integration of renewable 

energy sources such as solar power further enhances 

system efficiency and sustainability. 

A real-time monitoring approach can be implemented 

using platforms like ThingSpeak to track energy 

consumption and performance. Simulation results 

demonstrate that the proposed optimization-based DSM 

system significantly reduces electricity cost and peak 

load while improving energy efficiency. Among the tested 

algorithms, BOSA shows superior performance in terms 

of robustness and cost minimization. 

Overall, the proposed system contributes to the 

development of a reliable, cost-effective, and 

environmentally friendly smart grid. 

 

Index Terms—Machine learning, Supervised Models, 

Metrices. 

 

I. INTRODUCTION 

 

The increasing demand for electrical energy in 

residential sectors has created significant challenges 

for traditional power systems, particularly in 

managing peak load conditions and ensuring efficient 

energy utilization. Conventional grids are often unable 

to handle sudden increases in demand, leading to 

higher operational costs, energy inefficiencies, and 

reduced system reliability. To address these issues, the 

concept of the smart grid has been introduced, which 

integrates advanced communication and control 

technologies for intelligent energy management. 

Demand-Side Management (DSM) is a key 

component of smart grid systems that focuses on 

optimizing electricity consumption at the consumer 

level. It enables users to modify their energy usage 

patterns, especially by shifting loads from peak hours 

to off-peak periods. This not only reduces electricity 

costs but also helps in balancing the load on the grid, 

thereby improving overall system stability and 

efficiency. 

In recent years, various optimization algorithms have 

been applied to enhance DSM performance. 

Techniques such as Genetic Algorithm, Binary 

Orientation Search Algorithm (BOSA), Sparrow 

Search Algorithm (SSA), and Cockroach Swarm 

Optimization (CSO) have shown promising results in 

solving complex scheduling problems. These 

algorithms help in determining the optimal operating 

schedule of household appliances while considering 

constraints such as user comfort, energy demand, and 

tariff variations. 

In this project, an optimization-based DSM approach 

is proposed using MATLAB simulation to efficiently 

manage residential loads. The system aims to 

minimize electricity cost, reduce peak demand, and 

improve energy efficiency through intelligent 

appliance scheduling. Furthermore, the integration of 

renewable energy sources such as solar power 

enhances sustainability and reduces dependence on 

conventional energy systems. 
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Overall, the proposed approach contributes to the 

development of a reliable, cost-effective, and 

environmentally friendly smart grid system. 

 

II LITERATURE REVIEW 

 

Demand-Side Management (DSM) has been widely 

studied as an effective approach for improving energy 

efficiency and reducing peak demand in smart grid 

systems. Several researchers have proposed different 

optimization techniques for efficient residential load 

scheduling. 

In [1], H. T. Nguyen proposed an efficient DSM 

framework for residential energy management using 

optimization techniques. The study demonstrated that 

proper scheduling of appliances can significantly 

reduce peak load and improve grid reliability. 

In [2], S. Rahman introduced an energy management 

system based on optimization algorithms, focusing on 

minimizing electricity costs. The results showed that 

optimized scheduling leads to better energy utilization 

and cost savings. 

In [3], M. A. Khan applied Genetic Algorithm for load 

scheduling in smart homes. The study concluded that 

GA is effective in reducing peak demand and 

achieving optimal energy distribution. 

In [4], R. Brown discussed demand response strategies 

in smart grids, highlighting the importance of load 

shifting techniques in improving system stability and 

reducing peak load. 

In [5], L. Wang explored the integration of renewable 

energy sources into DSM systems. The study showed 

that incorporating solar energy reduces dependency on 

grid power and enhances sustainability. 

In [6], K. Patel proposed a Particle Swarm 

Optimization (PSO)-based scheduling approach, 

which improved efficiency but faced challenges 

related to convergence speed. 

In [7], A. Sharma developed a smart home energy 

management system with automated control, 

improving user convenience and energy efficiency. 

In [8], J. Lee presented an IoT-based DSM system for 

real-time monitoring and control, demonstrating 

enhanced system responsiveness. 

In [9], P. Singh focused on peak load reduction 

techniques, emphasizing the role of optimization in 

minimizing system overload. 

In [10], D. Kim introduced AI-based optimization 

methods for energy management, achieving higher 

accuracy and improved performance compared to 

traditional techniques. 

 

III METHODOLOGY 

 

The proposed methodology focuses on implementing 

an optimization-based Demand-Side Management 

(DSM) system for efficient residential load 

scheduling. The objective is to minimize electricity 

cost and peak load by optimally scheduling household 

appliances using MATLAB simulation. 

Initially, the input data is collected, which includes 

appliance power ratings, operational constraints, time 

slots (24 hours), and time-of-use electricity tariff. Each 

appliance is represented using a binary scheduling 

model, where ‘1’ indicates the appliance is ON and ‘0’ 

indicates it is OFF during a specific time slot. 

The optimization process is carried out using Genetic 

Algorithm. A population of possible scheduling 

solutions is generated randomly. Each solution is 

evaluated using a fitness function that considers both 

electricity cost and peak load. The fitness function 

aims to minimize the total cost of energy consumption 

while reducing peak demand. 

 

Genetic Algorithm operations such as selection, 

crossover, and mutation are applied iteratively to 

improve the population of solutions. Through 

successive generations, the algorithm converges 

toward an optimal or near-optimal scheduling solution. 

The final output is an optimized appliance schedule 

that ensures efficient energy utilization. 

Furthermore, the methodology incorporates load 

shifting, where high-energy appliances are scheduled 

during off-peak hours to reduce electricity cost. The 

system can also integrate renewable energy sources 

such as solar power to enhance sustainability and 

reduce dependency on grid power. 

The performance of the proposed system is evaluated 

using MATLAB simulations, and results are analyzed 

through graphical representations such as load curves, 

cost comparison, and peak load reduction. 

 

IV. MATHEMATICAL MODEL 

 

The proposed Demand-Side Management (DSM) 

system is formulated as an optimization problem to 

minimize electricity cost and peak load. 
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 1. Energy Consumption Model 

𝐸 =∑ ∑ 𝑃𝑖
𝑇

𝑡=1

𝑁

𝑖=1

⋅ 𝑥𝑖,𝑡 

Where: 

• 𝐸= Total energy consumption  

• 𝑃𝑖= Power rating of appliance 𝑖 

• 𝑥𝑖,𝑡= Binary variable (1 = ON, 0 = OFF)  

• 𝑁= Number of appliances  

• 𝑇= Time slots (24 hours)  

 

2. Electricity Cost Function 

𝐶 =∑ ∑ 𝑃𝑖
𝑇

𝑡=1

𝑁

𝑖=1

⋅ 𝑥𝑖,𝑡 ⋅ 𝜆𝑡 

Where: 

• 𝐶= Total electricity cost  

• 𝜆𝑡= Tariff at time slot 𝑡 

 

3. Peak Load Calculation 

𝑃𝑝𝑒𝑎𝑘 = max⁡𝑡(∑ 𝑃𝑖
𝑁
𝑖=1 ⋅ 𝑥𝑖,𝑡) 

 

 4. Objective Function 

min(𝐶 + 𝛼 ⋅ 𝑃𝑝𝑒𝑎𝑘) 

Where: 

• 𝛼= Weight factor for peak load  

 

5. Constraints 

• Appliance operating time constraints  

• Binary condition:  

𝑥𝑖,𝑡 ∈ {0,1} 

 

V. SIMULATION MODEL 

 

The proposed DSM system is simulated using 

MATLAB to evaluate the effectiveness of 

optimization techniques. 

 

Simulation Setup 

• Platform: MATLAB  

• Number of appliances: 5–10  

• Time slots: 24 hours  

• Tariff: Time-of-use pricing (peak/off-peak)  

 

Model Description 

• Appliances modeled as binary variables 

(ON/OFF)  

• Input:  

o Power ratings  

o Tariff values  

o Operating constraints  

• Optimization:  

o Implemented using Genetic Algorithm  

Simulation Process 

• Generate initial random schedules  

• Evaluate fitness (cost + peak load)  

• Apply GA operations:  

o Selection  

o Crossover  

o Mutation  

• Iterate until optimal solution obtained  

 

Outputs 

• Optimized appliance schedule  

• Load vs time graph  

• Cost comparison  

• Peak load reduction  

 

Performance Metrics 

• Electricity cost  

• Peak load  

• Energy consumption  

• Convergence performance 

 

VI. RESULTS 

 

The proposed Demand-Side Management (DSM) 

system was simulated using MATLAB to evaluate the 

effectiveness of the optimization-based scheduling 

approach. The performance of the system was 

analyzed in terms of load distribution, electricity cost, 

and peak load reduction. 

1. Load Profile Analysis 
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• The load vs time graph shows a high peak demand 

before optimization  

• After applying Genetic Algorithm, the load is 

evenly distributed  

• Peak load is shifted to off-peak hours  

• Results in smoother load curve  

 
2. Cost Analysis 

• Electricity cost calculated before and after DSM  

• Significant reduction observed after optimization  

• Load shifting reduces usage during high tariff 

periods  

• Demonstrates cost-efficient energy utilization  

 

3. Peak Load Reduction 

• Peak demand reduced effectively after 

optimization  

• Prevents grid overload and improves stability  

• Ensures balanced energy consumption  

 

4. Optimized Scheduling Output 

• Appliance schedule generated as binary matrix 

(0/1)  

• Efficient allocation of operating time slots  

• Maintains user comfort while reducing cost  

 

5. Performance Evaluation 

• Improved energy efficiency observed  

• Reduction in peak load and electricity cost  

• Optimization algorithm shows stable convergence  

• System performs effectively under different 

condition 

 

 
 

VII. DISCUSSION 

 

The simulation results demonstrate that the proposed 

Demand-Side Management (DSM) system effectively 

improves energy utilization in residential smart grid 

environments. By applying Genetic Algorithm, the 

system successfully schedules household appliances to 

minimize electricity cost and peak load. 

The load profile after optimization becomes more 

balanced compared to the initial unscheduled 

condition. Peak demand is significantly reduced 

through load shifting, which helps in preventing grid 

overload and enhancing system reliability. 

Additionally, the cost analysis indicates noticeable 

savings due to reduced usage during high-tariff 

periods. 

The optimized scheduling maintains user comfort 

while ensuring efficient energy consumption. The 

algorithm also shows stable convergence behavior, 

making it suitable for practical DSM applications. 

Overall, the results confirm that optimization-based 

DSM is a promising approach for smart grid energy 

management. 

 

VIII. LIMITATIONS 

 

• System is based on simulation (no real-time 

implementation)  

• Depends on accurate input data and assumptions  

• Genetic Algorithm may require higher 

computation time  

• Limited number of appliances considered  

• Does not fully consider user behavior variations  

• Renewable energy integration not implemented in 



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002 

IJIRT 202274 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 7062 

real-time  

• Hardware validation not included  

 

IX. CONCLUSION 

 

This work presents an optimization-based Demand-

Side Management (DSM) approach for residential 

load scheduling in a smart grid environment. The 

system leverages Genetic Algorithm to determine an 

efficient operating schedule for household appliances 

with the objective of minimizing electricity cost and 

peak demand. 

Simulation results using MATLAB demonstrate that 

the proposed method achieves a smoother load profile, 

significant peak load reduction, and noticeable cost 

savings. The load-shifting strategy effectively moves 

energy consumption from high-tariff periods to off-

peak hours while maintaining user comfort. 

Overall, the proposed DSM framework enhances 

energy efficiency, improves grid reliability, and 

supports sustainable operation through better resource 

utilization. The approach can be extended to 

incorporate real-time data, renewable energy 

integration, and advanced optimization techniques for 

practical deployment in smart homes and smart cities. 

 

X. DISCUSSION 

 

This study evaluated the performance of four 

supervised machine learning algorithms—Decision 

Tree, K-Nearest Neighbors (KNN), Random Forest, 

and Logistic Regression—for climate classification 

using environmental features such as mean 

temperature, humidity, wind speed, and mean 

pressure. Each model was assessed based on 

classification accuracy and training time. 

The Decision Tree classifier achieved the highest 

accuracy (88.3%) while maintaining the lowest 

training time (0.008 seconds), indicating its strong 

ability to capture threshold-based patterns in the 

climate data with minimal computational cost. This 

suggests that Decision Trees are well-suited for rapid 

deployment in real-time or resource-constrained 

environments. 

K-Nearest Neighbors (KNN) followed with an 

accuracy of 50.51% and a training time of 0.0026 

seconds, demonstrating efficiency but moderate 

predictive performance. KNN’s reliance on local data 

structure may have helped it outperform more 

complex models, although its sensitivity to feature 

scaling and noise remains a concern. 

Random Forest, despite its ensemble strength, 

achieved an accuracy of 44.71% with the highest 

training time (0.3525 seconds). This result was lower 

than expected and may be attributed to overfitting, 

suboptimal hyperparameters, or the averaging effect of 

trees diluting strong individual splits. 

Logistic Regression yielded the lowest accuracy 

(39.59%) with a moderate training time (0.1507 

seconds). Its assumption of linear separability likely 

limited its ability to model the complex, non-linear 

relationships inherent in climate data. 

These findings highlight the trade-offs between model 

complexity, interpretability, and computational 

efficiency. While Decision Tree emerged as the most 

effective overall, the performance of other models 

suggests that climate classification may require more 

nuanced feature engineering or advanced learning 

techniques to improve accuracy. 

 

XI. LIMITATIONS 

 

• Focused Geographic Scope: The dataset was 

limited to Delhi, which allowed for a concentrated 

analysis of regional climate patterns. However, 

expanding to other regions in future studies could 

enhance generalizability and comparative insights. 

 

• Class Distribution Insights: The presence of class 

imbalance offered a realistic view of climate category 

prevalence. Addressing this in future work through 

resampling techniques could further improve model 

fairness and sensitivity. 

 

• Streamlined Feature Set: Using four core 

environmental features enabled a clear baseline for 

model comparison. Future research could enrich this 

foundation by incorporating additional meteorological 

variables such as rainfall, solar radiation, or seasonal 

indicators. 

 

• Static Modeling Approach: The use of non-

temporal models provided a snapshot of climate 

classification performance. Integrating time-series 

analysis or seasonal trends could reveal deeper 

temporal dynamics. 
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• Baseline Hyperparameters: Default settings were 

used to maintain consistency across models. This 

opens the door for future optimization through grid 

search or automated tuning to unlock each model’s full 

potential. 

 

Recommendations for Future Research 

• Expand Dataset Scope: Include data from 

multiple regions and longer time spans to improve 

generalizability. 

• Incorporate Temporal Features: Use time-series 

models (e.g., LSTM) or add seasonal indicators to 

capture dynamic climate patterns. 

• Balance Class Distribution: Apply resampling 

techniques (e.g., SMOTE) to address class imbalance 

and improve fairness. 

• Feature Enrichment: Integrate additional 

meteorological variables such as rainfall, solar 

radiation, and atmospheric pressure gradients. 

• Hyperparameter Optimization: Use grid search or 

randomized search to fine-tune model parameters for 

better accuracy. 

• Cross-Validation: Implement k-fold cross-

validation to assess model consistency and reduce 

performance variance. 

• Model Explainability Tools: Apply SHAP or LIME 

to interpret predictions from complex models like 

Random Forest. 

• Benchmark Against Deep Learning: Compare 

traditional classifiers with neural networks to explore 

performance gains in climate classification. 

 

XII. CONCLUSION 

 

This study investigated the effectiveness of four 

supervised machine learning algorithms—Decision 

Tree, K-Nearest Neighbors (KNN), Random Forest, 

and Logistic Regression—for classifying climate 

categories based on environmental features such as 

mean temperature, humidity, wind speed, and mean 

pressure. Among the models tested, the Decision Tree 

classifier demonstrated superior performance with an 

accuracy of 88.3% and the fastest training time (0.008 

seconds), making it both accurate and computationally 

efficient. KNN showed moderate accuracy (50.51%) 

with minimal training time, while Random Forest and 

Logistic Regression underperformed in both accuracy 

and interpretability. 

The findings contribute to the growing body of 

literature on climate classification by highlighting the 

trade-offs between model complexity, accuracy, and 

computational cost. The study reinforces the value of 

interpretable models like Decision Trees in 

environmental applications and underscores the 

importance of dataset characteristics—such as feature 

selection, class balance, and regional specificity—in 

shaping model performance. 

Future research should focus on expanding the dataset 

to include multiple geographic regions and longer time 

spans, incorporating temporal and seasonal variables, 

and applying advanced techniques such as 

hyperparameter optimization, cross-validation, and 

deep learning architectures. These enhancements will 

help improve model generalizability, robustness, and 

predictive accuracy in real-world climate 

classification tasks 
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