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ABSTRACT: 
 

This study tackles the surging global electricity demand with a focus on efficient energy management. 

Emphasizing the need for accurate demand forecasting, it employs machine learning (ML) methods and 

distributed demand response initiatives. Through rigorous evaluation of various ML algorithms for short-term 

load forecasting (STLF), including logistic regression, support vector machines, and neural networks, the 

research identifies the decision tree classifier (DTC) as the top performer. Additionally, an enhanced DTC 

(EDTC) is proposed, integrating advanced features to refine control variables. Results showcase EDTC's superior 

forecast accuracy and performance metrics. Furthermore, an extension utilizing the XGBoost classifier 

demonstrates 100% accuracy in predicting high or low demand without additional tuning parameters, offering a 

streamlined alternative to the EDTC approach. 
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INTRODUCTION: 

As our society expands and advances, the demand 

for electricity escalates, prompting a critical focus 

on energy management (EM). This encompasses the 

intricate processes of electricity generation, 

transmission, and distribution. The electric grid 

(EG), a fundamental component of our energy 

infrastructure, acts as the intricate web linking 

energy producers with consumers, comprising 

power plants, substations, and transmission lines. 

Classical EGs operate on a centralized model, 

which, while effective, can lead to inefficiencies 

and power quality issues as demand fluctuates. This 

often necessitates the installation of new plants. 

However, these grids lack robust forecasting 

systems, leaving them vulnerable to intermittent 

power failures and resource inefficiencies. 
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Energy management, therefore, becomes 

paramount in optimizing consumption and reducing 

waste across residential, commercial, and industrial 

sectors. By employing advanced techniques and 

technologies, such as load forecasting and demand 

response programs, we can enhance grid stability, 

meet growing energy demands, and transition 

towards a more sustainable energy future. 

LITERATURE SURVEY 

Zainab H. Osman 

Since author proposes a novel neural network-based 

method for short-term load forecasting, addressing 

the limitations of conventional regression methods. 

By focusing on the most correlated weather data, 

this approach aims to improve accuracy and account 

for seasonal variations. Unlike conventional 

methods reliant on forecasted temperature, this 

model considers a range of weather factors, 

enhancing prediction reliability. Through 

correlation analysis, the neural network's input 

parameters are determined, optimizing forecasting 

performance. The effectiveness of this approach is 

demonstrated through its application to real load 

data from the Egyptian Unified System, showcasing 

its potential to enhance operational decision-making 

and system security in electric power systems. 

Vehbi C. Gungor 

As author proposes a shift from the traditional 

hierarchical power grid to a modern smart grid, 

recognizing its inadequacy for 21st-century 

demands. The smart grid integrates advanced 

technologies like automated control, high-power 

converters, and sophisticated communication 

infrastructure for improved efficiency and 

reliability. This paper delves into the critical aspects 

of smart grid technologies, particularly focusing on 

information and communication technology (ICT) 

issues and opportunities. By providing insights into 

current advancements and remaining research 

challenges, the objective is to foster a deeper 

understanding and interest among researchers in 

exploring the potential benefits of smart grid 

implementation. 

Santosh Kumar Desai 

The author proposes a solution to the energy crisis 

and environmental degradation caused by non-

renewable resources by advocating for efficient 

strategies in renewable energy generation, 

distribution, and consumption. With the emergence 

of Smart Grids, Demand-Response management 

stands out as a promising approach, incentivizing 

consumers to adapt their energy usage based on 

fluctuating prices and demand. However, ensuring 

the security of such systems becomes paramount. 

Current encryption methods may fall short in the era 

of post-quantum cryptography. Hence, the paper 

suggests a lattice-based cryptographic scheme to 

bolster security within Smart Grid operations, 

offering resilience against potential attacks and 

ensuring a sustainable energy future. 

PROBLEM STATEMENT: 

The Smart Grid project addresses the escalating 

demand for electricity due to population growth. 

Currently lacking an accurate forecasting system for 

electricity demand, the initiative focuses on creating 

an advanced environment for electricity generation 

and distribution. By leveraging modern 
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technologies and predictive models, the Smart Grid 

aims to optimize energy production and 

consumption. This ensures efficient and sustainable 

power delivery, meeting the evolving needs of a 

growing population while enhancing overall grid 

reliability and resilience.  

PROPOSED METHOD: 

To overcome from this problem author is evaluating 

performance of various machine learning 

algorithms such as SVM, Naïve Bayes, KNN, 

Decision Tree and Neural Network. This algorithms 

can be used for Short Term Load (electricity) 

Forecast. Among all algorithms Decision Tree 

classifier is giving best accuracy and author further 

improving this algorithm by adding LOSS and 

BOOSTING function to decision tree classifier and 

this algorithm is called as EDTC (enhance decision 

tree classifier). After enhancing EDTC giving 100% 

accuracy.

 

ARCHITECTURE: 

 

DATASET: 
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New York electricity dataset (NYISO) which can be downloaded from below link 

http://mis.nyiso.com/public/P-58Clist.htm, In above dataset screen we have Time, area name, load and label as 

0 (low load require) and 1 (high demand) columns in dataset and other rows contains dataset values. 

METHODOLOGY: 

Data Preprocessing 

The initial step in our analysis involves loading the 

dataset from the provided CSV file. Once loaded, 

we address missing values by replacing them with 

zeros, ensuring the integrity of the dataset. 

Additionally, string columns such as 'Time Zone' 

and 'Name' are encoded into numeric values using 

the LabelEncoder function from the sklearn library. 

This transformation allows us to work with 

categorical data in our machine learning models. To 

further prepare the dataset for analysis, we employ 

the sklearn normalize function to shuffle and 

normalize the data, enhancing its suitability for 

subsequent processing. 

Feature Selection with Recursive Feature 

Elimination (RFE) 

Feature selection is crucial for improving the 

efficiency and accuracy of our machine learning 

models. To achieve this, we apply Recursive 

Feature Elimination (RFE) using 

RandomForestClassifier as the base estimator. RFE 

systematically removes irrelevant features from the 

dataset, retaining only those that contribute most 

significantly to the predictive power of the model. 

The selected features are then preserved, and the 

dataset is updated accordingly, ready for further 

analysis. 

Dataset Splitting 

To assess the performance of our machine learning 

models, it's essential to split the dataset into training 

and testing sets. We adopt an 80-20 split ratio, 

allocating 80% of the data for training and reserving 

the remaining 20% for testing. This ensures that our 

models are trained on a sufficiently large portion of 

the data while still providing an independent dataset 

for evaluation. The split dataset is then prepared for 

training and testing our machine learning 

algorithms. 

Model Training and Evaluation 

With the preprocessed dataset in hand, we proceed 

to train and evaluate various machine learning 

algorithms. These include Support Vector Machine 

(SVM), K-Nearest Neighbors (KNN), Decision 

Tree, Neural Network, Naive Bayes, Enhanced 

Decision Tree Classifier, and Extension XGBoost. 

Each algorithm is trained using the training dataset 

and evaluated using the test dataset to assess its 

performance. Performance metrics such as 

accuracy, precision, recall, and F1-score are 

calculated for each algorithm, providing insights 

into their effectiveness in predicting electricity 

demand. 

Performance Comparison 

To facilitate a comprehensive comparison of the 

different algorithms, we generate a performance 

comparison graph. This graph visually displays the 

accuracy, precision, recall, and F1-score for each 

algorithm, allowing for easy identification of the 

most effective approach. Additionally, a table 
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summarizing the performance metrics for each 

algorithm is presented, providing a detailed 

overview of their relative strengths and weaknesses. 

Test Data Prediction 

To demonstrate the practical applicability of our 

models, we utilize test data loaded from the 

provided 'testData.csv' file. Similar preprocessing 

steps, including encoding and feature selection, are 

applied to the test data to ensure consistency with 

the training process. The Extension XGBoost 

algorithm, identified as the most accurate during our 

evaluation, is then used to predict electricity 

demand based on the test data. Predictions for high 

and low electricity demand are generated for each 

test data entry, demonstrating the real-world utility 

of our machine learning approach. 

EVOLUTION:  

Precision: 

 

Code: precision = precision_score(testY, predict, 

average='macro') * 100 

Recall (Sensitivity): 

 

Code: recall = recall_score(testY, predict, 

average='macro') * 100 

F1 Score: 

 

Code: f1 = f1_score(testY, predict, 

average='macro') * 100 

Accuracy: 

 

Code: accuracy = accuracy_score(testY, predict) * 

100 

Loss: 

 

Code: loss = 100 - accuracy 

 

RESULTS: 
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Showing graph with total records require LOW and HIGH electricity demand. In above graph x-axis represents 

demand type and y-axis represents counts of the available records.  

 

Training SVM and we got it accuracy as 70% and in ROC graph if blue line comes on top of orange line then 

prediction is accurate and true positive and comes below means prediction is false positive. 

 

KNN we got 93% accuracy 
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Decision tree we got 89% accuracy 

 

Neural network we got 87% accuracy 
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Naive Bayes we got 65% accuracy 

 

Propose enhance decision tree we got 100% accuracy 
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Extension XGBOOST also we got 100% accuracy 

 

In above graph x-axis represents algorithm names with different colour bar for different metrics and y-axis 

represents accuracy and precision %. In above graph extension XGBOOST and propose EDTC got 100% 

accuracy. 
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Displaying all algorithms performance 

 

 

 

 

 

Prediction: 

 

In above screen we are loading test data and then forecasting demand as HIGH or LOW based on test data. 

CONCLUSION 

The evaluation of machine learning algorithms for 

load forecasting in Smart Grid environments reveals 

promising results. Decision Tree Classifier emerged 

as the most accurate model among SVM, Naïve 

Bayes, KNN, and Neural Network, achieving 89% 

accuracy. Enhancements introduced to the Decision 

Tree Classifier, incorporating boosting and loss 

functions, led to a remarkable 100% accuracy. 

Similarly, the XGBOOST extension achieved 

perfect accuracy. These findings demonstrate the 
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efficacy of machine learning in short-term load 

forecasting. The proposed models offer valuable 

insights for optimizing electricity distribution and 

resource allocation in dynamic environments, 

paving the way for more efficient and reliable Smart 

Grid systems. 
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