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ABSTRACT: 

The need for smart energy management systems has become particularly important with the rapid increase in 

the world’s electricity demand. This project analyzes the performance of several ML algorithms including 

SVM, KNN, Neural Networks, Naïve Bayes, and Decision trees for STLF with real-world smart grid data from 

NYISO. Out of the algorithms tested, the Decision Tree Classifier yields the best accuracy which prompted the 

development of the Enhanced Decision Tree Classifier (EDTC) which applies boosting and loss functions. 

Experiment findings show both the EDTC and XGboost models achieved 100% prediction accuracy, markedly 

surpassing traditional models. This study demonstrates the capability of ML to provide reliable, accurate, and 

scalable forecasts to enable more intelligent energy management and planning. 
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INTRODUCTION 

The increase in the world’s population, 

along with rapid urbanization, has 

underscored the need for dependable 

electricity. Outdated traditional grids 

increase the likelihood of experiencing 

outages and they do not contain real-world 

adaptive and predictive capabilities. Smart 

grids are a new kind of system with the 

intelligence to incorporate modern 

technologies to optimize the generation, 

distribution, and management of energy. A 

key enabler for smart grid technologies is 

accurate energy demand forecasting. 

Tackling this challenge is made possible 

with ML algorithms due to the enormous 

datasets available. This project focuses on 

the application of various machine 

learning (ML) techniques to short term 

load forecasting (STLF) within smart 

grids. Utilizing real-world data from New 

York Independent System Operator 

NYISO, this study seeks to pinpoint the 

best ML model for high and low electricity 

demand forecasting. In the end, an 

Enhanced Decision Tree Classifier 

(EDTC) is created and evaluated to 

achieve unprecedented levels of accuracy 

within the forecasting capabilities.  
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RELATED WORK 

There have been several previous attempts 

at applying ML to energy forecasting. 

Djukanovic et al. (1995) created an STLF 

model based on a neural network and 

illustrated the benefits of using correlation-

based weather data for better accuracy. 

Traditional ANN models, however, were 

limited in their adaptability to rapid shifts 

in conditions. Gungor et al. (2011) 

analyzed smart grid and its communication 

standard, arguing for the necessity of a 

strong backbone of information and 

communication technology (ICT) in 

support of intelligent forecast models. 

Crafting demand-response models for 

smart grids, Desai et al. (2018) designed a 

lattice-based cryptographic model, which 

disregarded comparative performances of 

ML models. Hernandez et al. (2014) 

presented an exhaustive review of 

methodologies for forecasting electric 

power demand in smart grids and 

microgrids, calling for flexible forecasting 

frameworks that respond to complex 

adaptive environments. Finally, Tian 

(2018) listed future concerns regarding the 

implementation of smart grids, particularly 

the need for scalable modeling and control 

methods. While the studies have added 

greatly towards the understanding of 

energy forecasting and the development of 

smart grids, to the best of our knowledge, 

very few have performed a comprehensive, 

side-by-side comparison analysis of 

various machine learning techniques on 

real-world datasets. This project addresses 

that gap by conducting a comprehensive 

analysis of six major ML models SVM, 

KNN, Neural Networks, Naïve Bayes, 

Decision Tree, and its enhanced variant 

and measuring them against a common 

benchmark dataset to set a distinct 

performance floor for future smart grid use 

cases. 

TABLE1. Summary of Key Literature 

Contributions and Their Impact on Current 

Research 

Author Contribution 

Impact on 

Current 

Research 

Djukanovic 

et al. (1995) 

Developed ANN 

models using 

weather data 

correlation 

Informed 

feature 

selection for 

accurate 

forecasting 

Gungor et 

al. (2011) 

Introduced smart 

grid 

communication 

infrastructure 

Emphasized 

ML's role in 

automated 

control 

Desai et al. 

(2018) 

Applied secure 

demand-response 

with 

cryptographic 

methods 

Inspired secure 

model 

deployment 

considerations 

Hernandez 

et al. (2014) 

Reviewed STLF 

techniques for 

smart buildings 

and microgrids 

Identified lack 

of ML 

comparison 

studies 

Tian (2018) 

Discussed future 

modeling 

challenges in 

smart grids 

Highlighted 

importance of 

scalable ML 

frameworks 

PROPOSED APPROACH 

The proposed approach focuses on 

Comprehensive Performance Evaluation of 

30 ontologies for STLF with Enhanced 
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Decision Tree Classifier (EDTC). First, 

real-time electricity consumption data was 

gathered from the NYISO smart grid and 

underwent a preprocessing step. The 

baseline algorithms SVM, KNN, Neural 

Networks, Naïve Bayes and Decision Tree 

were applied to the dataset, and were 

evaluated with standard metrics of 

precision, recall, accuracy, and F1 score. 

Out of the algorithms used, Decision Tree 

Classifier was able to achieve the highest 

baseline performance. In an effort to 

improve overall accuracy and 

generalization, the Decision Tree was 

enhanced with boosting (AdaBoost) and 

loss functions leading to the EDTC model. 

This refinement improved classification 

accuracy, attaining 100% accuracy on all 

test datasets. Afterwards, the model was 

tested alongside a strong ensemble 

learning model, XGBoost, which produced 

equally flawless prediction results. This 

approach of assessing, refining, and 

validating machine learning models 

guarantees the identification of the most 

efficient and dependable forecasting 

method for practical smart grid 

implementation. 

 

Figure 1: Proposed short-term load 

forecasting in smart grids  

METHODOLOGIES 

1. Data Preprocessing: The NYISO 

dataset containing hourly load data, region 

names, and time zones was cleaned by 

removing missing values. String fields 

were label-encoded, and feature 

normalization was performed using 

sklearn.normalize. 

2. Feature Selection: Recursive Feature 

Elimination (RFE) was implemented using 

RandomForest Classifier to reduce data 

dimensionality and select the most 

informative features, thus improving 

model accuracy and reducing training 

time. 

3. Model Training and Evaluation: The 

dataset was divided using an 80:20 train-

test split. Six base ML models were 

trained: SVM, KNN, Neural Network 
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(MLPClassifier), Naïve Bayes, Decision 

Tree, and Enhanced Decision Tree 

(EDTC). Each model’s output was 

evaluated using precision, recall, accuracy, 

F1-score, and ROC-AUC curves. 

4. Enhancement Strategy: The Decision 

Tree model was enhanced using AdaBoost 

Classifier, introducing loss control and 

boosting layers to create the EDTC. This 

model was compared to the state-of-the-art 

XGBoost model. 

5. Performance Benchmarking: A 

detailed performance comparison was 

plotted and tabulated. Metrics across all 

models were compared to determine 

superiority. Both EDTC and XGBoost 

scored 100% across all metrics. 

6. Real-Time Forecasting: A separate test 

dataset was used to validate prediction 

outcomes, confirming the models' ability 

to accurately classify high and low energy 

demand. 

RESULTS 

The results from the comparative analysis 

reveal significant differences in model 

performance for STLF. The Decision Tree 

Classifier initially demonstrated 89% 

accuracy, outperforming SVM (70%), 

Naïve Bayes (65%), Neural Network 

(87%), and KNN (93%). Following the 

enhancement through AdaBoost and loss 

functions, the Enhanced Decision Tree 

Classifier (EDTC) achieved 100% 

accuracy, precision, recall, and F1-score. 

Similarly, the XGBoost algorithm 

mirrored EDTC’s performance, also 

achieving perfect scores across all metrics. 

The comparative graphs and ROC curves 

clearly indicated the robustness of both 

EDTC and XGBoost, as their predictive 

lines closely aligned with the ideal true 

positive rate, minimizing false positives. 

The models were further validated using 

unseen test data, where predictions of high 

and low energy demands consistently 

matched ground truth values. This 

solidified the model’s reliability and 

potential for real-time forecasting 

applications. 

 

Graph x-axis represents algorithm names 

with different colour bar for different 

metrics and y-axis represents accuracy and 

precision %. 
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Showing all algorithms result in tabular 

format 

 

Forecasting demand as HIGH or LOW 

based on test data. 

DISCUSSION 

This study emphasizes the critical role of 

machine learning in the evolution of smart 

grid systems. Traditional algorithms, 

although useful, lack the scalability and 

adaptability required for dynamic energy 

environments. Among the six ML models 

tested, the Enhanced Decision Tree 

Classifier (EDTC) demonstrated 

exceptional performance, driven by its 

integrated boosting and loss optimization. 

The results align with global trends 

showing ensemble learning models 

outperform individual classifiers in high-

dimensional forecasting tasks. 

XGBoost, a well-established boosting 

model, also delivered flawless predictions, 

further confirming that hybrid and 

ensemble-based approaches are best suited 

for STLF in smart grids. These models not 

only optimize accuracy but also provide 

faster convergence and better 

generalization. 

This research contributes to the field by 

establishing a tested benchmark for load 

forecasting and validating it with a real-

world dataset. Additionally, it provides a 

methodological foundation for future 

explorations into hybrid deep learning or 

federated ML models for decentralized 

smart grid systems. 

CONCLUSION 

This project aims to compare and evaluate 

various machine learning algorithms for 

short-term load forecasting in smart grids. 

The study determines Decision Tree 

Classifier to be a strong baseline 

performer, which was subsequently 

improved through boosting techniques to 

create an Enhanced Decision Tree 

Classifier, resulting in perfect accuracy. 

Validation was performed using another 

ensemble model, XGBoost, which 

replicated the performance of the 

Enhanced Decision Tree Classifier. The 

analysis emphasizes that smart grid 

forecasting models should incorporate 

ensemble models, especially those that 

utilize boosting, as they tend to be the 

most precise and dependable. Their 

implementation will greatly improve the 

distribution of electricity, minimize energy 

waste, and facilitate real-time, demand-

driven energy distribution planning. 

Further research may seek to address the 

issues of scalability and real-time 

responsiveness for larger grids through the 

use of deep learning or hybrid machine 

learning models. 
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