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Abstract—The use of several machine learning regression models for the prediction of power
costs is explored in this work. The following models are taken into consideration: Gradient
Boosting, Adaboosting, Lgbmregressor, Cataboost regressor, Random Forest Regressor,
XGBoost Regressor, Support Vector Regressor, and Stacking Regressor. Historical power
pricing data with variables like time, demand, and weather make up the training and
assessment dataset. A portion of the dataset is used to train each model, which is then adjusted
to maximize prediction performance. To evaluate each model's precision, resilience, and
computational effectiveness, a comparative study is done. Insights into the applicability of
various regression models for the forecast of power prices are provided by the study's findings,
which may help decision-makers optimize the planning and management of energy resources.

Index Terms— Electricity price prediction, regression models, machine learning,adaboost
regressor,catboost ,Lgbm.

|. INTRODUCTION

Predicting the price of electricity is an important task in the modern environment of resourceplanning and energy
management [1].Because contemporary power networks are dynamic and linked, navigating the complexity of
elementsimpacting energy pricing requires sophisticated computational methodologies. In order to forecast
power costs, this project will investigate and assess a wide range of machine learning regression models. The
aim is to provide significant perspectives that may enhance the decision-making procedures in the energy
industry, One of the most potent tools for figuring out complex patterns in big datasets is machine learning, a
branch of artificial intelligence. Regression model deployment is the main emphasis of this research. Regression
models such as Random Forest, XGBoost, Support Vector, Gradient Boosting, Adaboosting, Lgbm, Cataboost,
and Stacking are all used. In terms of representing the nonlinear linkages present in the dynamics of power
pricing, these models show a great deal of potential . This project's comparison study of different models is a
key component that clarifies each one's advantages and dis advantages. Historical data is a major component in
machine learning models' prediction abilities. Using careful feature engineering and time series analysis, this
study aims to extract pertinent data from historical datasets. The objective is to improve the regression models'
predictive performance in order to provide more precise and trustworthy estimates of power prices.
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I1l. METHODOLOGY

A. Datasset extraction and model building

This research project's approach is set up tomethodically address the goals stated in the study. Preprocessing and
datacollecting are the initial steps.For training and assessment, historical data on power prices will be collected,
taking into account pertinent variables including time, demand, and meteorological conditions. Preprocessing of
this dataset will be done in-depth, including feature engineering, normalization, and cleaning. Temporal patterns
will be extracted via the use of time series analysis methods, and exogenous variables will be carefully designed
to improve the dataset's appropriateness for training machine learning regression models.

B. Adaboost and catboost regressors in flask webpage

Using Flask, a lightweight web application framework, the built machine learning models will be deployed in
the final step. This deployment component is essential for converting the study results into useful applications.
With the help of the user-friendly Flask web application, customers will be able to enter pertinent information
and get real- time estimates for power costs. The models' usability and accessibility are improved throughout the
deployment phase, making it easier for stakeholders—including energy sector Decision-makers—to incorporate
the predictive capabilitiesinto their operating plans. All things considered, thistechnique offers a methodical and
thorough way to testing, implementing, and using machine learning regression modelsfor the prediction of power
prices.

C. Proposed Work

Before improved accessibility and usability, the proposed approach for predicting power prices incorporates
state-of-the-art machine learning regression models into a Flask web application . A variety of regression models,
including as the Random Forest, XGBoost, Support Vector,Gradient Boosting, Adaboosting, Lgbm, Cataboost,
and Stacking models, form the foundation of this system.Everyone of these models contributes a different set of
capabilities, and the system that is being suggested attempts to carry out a comprehensive comparison study in
order to identify each model's advantages and disadvantages.

IV. SYSTEM ARCHITECTURE

The energy prediction system's architecture is designed to easily combine different levels, handling user
identification, data storage, and the deployment of machine learning models.

The central repository for both historical and current energy-related data is a strong SQL database. This
encompasses a variety of aspects, including "generation waste," "generation other renewable,"""generation fossil
gas," "generation fossil hard coal," generation hydro pumped storage consumption,” “generation hydro water
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reservoir," "time," and "price actual."For the purpose of further analysis and model training, the SQL database's
organized storage guarantees effective data management and retrieval.

Using Flask's user authentication extensions, user management and authentication are managed in a separate
layer. The SQL database securely stores user credentials and profiles, which include hashed passwords,
usernames, and user preferences. This layer lets users access the system, set preferences, and get customized
forecasts while guaranteeing a safe and personalized experience.

A variety of regression models are included in the machine learning model layer, such as the Random Forest,
XGBoost, Support Vector, Gradient Boosting, Adaboosting, Lgbm, Cataboost, and Stacking Regressors. These
models, which were trained on the historical information kept in the SQL database, are able to identify complex
patterns in characteristics linked to energy. The models are easily included into the system for deployment after
being serializedwith the aid of programs such as joblib.

A. Flask web application with advanced regressor models

The suggested solution includes a Flask web application for model deployment in order to increase the
accessibility and applicability of the study results. Because of its ease of use and adaptability, Flask is a great
option for developing an interface that makes interacting with the predictive models simple. In addition to
bridging the knowledge gap between With the introduction of a new comparative analytical approachand a
synthesisof prior research findings, this study aims to advance the field of electricity price prediction. Not only
do the results broaden the current body of knowledge, but they also provide energy sector decision-makers with
useful implications that help them make well-informed decisions on the development and management of energy
resources. This project's multifaceted approach satisfies the needs of the business and academics today by
offering a thorough investigation of machine learning regression models within the framework of energy price
forecasting.

B. Deploying various models and serialized with aid of programs

The energy prediction system's architecture is designed to easily combine different levels, handling user
identification, data storage, and the deployment of machine learning models.

The central repository for both historical and current energy-related data is a strong SQL database. This
encompasses a variety of aspects, including "generation waste," "generation other renewable,""generation fossil
gas," "generation fossil hard coal," generation hydro pumped storage consumption,” "generation hydro water
reservoir," "time," and "price actual."For the purpose of further analysis and model training, the SQL database's
organized storage guarantees effective data management and retrieval..Ref. [12] The web application layer is
made up of the lightweight Flaskweb application framework, which offers an interface that is easy to use. This
layer makes it easier to enter pertinent data, such consumption, generating kinds, and time, so customers may get
estimates for power prices in real time. User-specific preferences are stored, historical data is retrieved, and user
authentication is accomplished via communication between the Flask web application and the SQL database.
The web interface then displays the predictions made by the machine learning models to users, providing a
thorough and user-friendly experience. The Flask web application is hosted on a server during system integration
and deployment, and the SQL database acts as thebackend for structured data storage. Tools for continuous
integration and deployment provide an efficient update and maintenance procedure, guaranteeing the system's
scalability and flexibility in response to changing needs in the energy industry.
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Fig 1 Proposed Architecture
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V. DISCUSSIONS

The proposed architecture is mainly divided into two phases.
i.Data management
ii.User interface

A. Experimental Results

We utilized a dataset containing 100,000 records for the algorithms Adaboost, Catboost, and Igbm and the output
was as followed:

AdaBoost Algorithm:

Precision: 84.25% , Recall: 85.07%, F1 Score:90.01% , Accuracy: 84.66%
Catboost Algorithm:

Precision:88.02%, Recall: 88.23% , F1 Score: 90..60%, Accuracy: 85.69%
Lgbm :

Precision: 85.63%, Recall:86.98% , F1 Score: 89.36% , Accuracy:88.98%
Additionally, we utilized 697 records for the algorithms Adaboost, Catboost, Igbm algorithm and the output was
as followed:

AdaBoost Algorithm:

Precision: 89.90% , Recall: 85.23% , F1 Score: 88.01% , Accuracy: 89.8%
Experimental Results of power price prediction

The metrics that are used for involve F1 and AUC-ROC Score.

i.F1 Score

The F1 score is the harmonic mean of precision and recall and is particularly useful when you have imbalanced
classes.It's calculated as: Fl=2xprecision*recallprecisiontrecallF1=2xprecision+recallprecisionxrecall
Higher values of F1 score indicate better model performance, with 1 being the best possible score.

ii.LAUC-ROC Score

The AUC-ROC score represents the area under the receiver operating characteristic curve, which plots the true
positive rate against the false positive rate at various threshold settings.

AUC-ROC score ranges from 0 to 1, where 1 indicates a perfect classifier, while 0.5 indicates a random
classifier. Higher AUC-ROC values signify better discrimination capability of the model.

TABLE Il .F1 AND AUC-ROC SCORES OF DIFFERENT MODELS

Model F-1 F-2 AUC-ROC
Adaboost 41 32 0.48
Cathoost 59 48 0.56
Lgbm 35 25 0.38
o
8
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Fig-2: Comparison of different Models

The experiments were carried out on three different models, those are Adaboost, Catboost and Lgbm regressor.
Out of the three models, Lgbm performs better when compared to other two models. Fig 2 shows the comparison
of different models based on Table II.
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VI. RESULTS

The assessment of the predicted accuracy and robustness of the machine learning regression models is the main
goal of the evaluation process. The models' performance is measured using metrics like Mean Absolute Error
(MAE), Mean Squared Error (MSE), and R-squared. The findings show thatthere are significant differences in
the predictionaccuracy of the various models.

While some models are more accurate at reflecting the intricate patterns of energy price dynamics than others,
others could perform better in certain situations or time periods.

The analysis of the data reveals that ensemble techniques, such Gradient Boosting and Random Forest
Regressor, often beat individual models. By using the combined predictive capacity of many models, the
ensemble technique produces forecasts that are more reliable and accurate. Furthermore, competitive
performance is shown by the Stacking Regressor, which aggregates predictions from many models, high efficacy
of model stacking asa tactic for improved accuracy.

The findings study delves further into seasonal fluctuations and temporal trends. While some models could be
particularly good at forecasting longer-term trends, others might be better at capturing short-term variations in
power costs. This complex knowledge is necessary to pinpoint the temporal dynamics influencing prediction
accuracy and help planners modify their plans according to the forecasting horizon.

Furthermore, the outcomes clarified how sensitive the models were to various variables in the dataset. By
identifying the main elements impacting power costs, feature significance analysis sheds light on the variables
that are most important for making precise forecasts. Comprehending the significance of features is vital in order
to optimize model inputs andaugment overall predictive efficacy.

Fig-4: prediction page

Furthermore, the outcomes clarified how sensitive the models were to various variables in the dataset. By
identifying the main elements impacting power costs, feature significance analysis sheds light on the variables
that are most important for making precise forecasts. Comprehending the significance of features is vital in order
to optimize model inputs andaugment overall predictive efficacy.

The Flask web application's deployment makes it possible to evaluate the outcomes from the perspective of the
user. For real-time power price estimates, users may enter their own factors, such asgenerating types, time, and
usage. By enabling usersto make educated choices based on the system's predictions, the interactive interface
helps users get apractical grasp of the models' performance.

Furthermore, the outcomes clarified how sensitive the models were to various variables in the dataset. By
identifying the main elements impacting power costs, feature significance analysis sheds light on the variables
that are most important for making precise forecasts. Comprehending the significance of features is vital in order
to optimize model inputs andaugment overall predictive efficacy.

VIl. CONCLUSION

In conclusion, research into machine learning regression models for predicting power prices has produced
insightful information about their potential uses in the energy industry. A thorough analysis of the models'
advantages and disadvantages was given by the thorough assessment, which included the Random Forest
Regressor, XGBoost Regressor, Support Vector Regressor, Gradient Boosting, Adaboosting, Lgbmregressor,
Cataboost Regressor, and Stacking Regressor. The effectiveness of cooperative prediction tactics was shown by
the better accuracy with which ensemble methods— Random Forest and Gradient Boosting, in particular—
captured the intricate dynamics of power pricing. The findings were further enhanced by the temporal and
feature-specific studies, which brought to light the models' sensitivity to various time horizons and the key
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variables influencing power pricing. A more thorough comprehension of the dataset's complexities was made
possible byfeature significance analysis, which provided insightful information about the key factors influencing
predictions. The larger field of energy forecasting benefits from these discoveries, which open the door to better
decision-making on the planning and management of energy resources.
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