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Abstract: In order to effectively estimate how energy production and consumption will develop and change, this research suggests 
a new neural network prediction method. The authors concentrate on well-known techniques that can manage a vast volume of 
data and utilize machine learning to combine results from numerical weather prediction models with local observations. The 
importance of accurate energy consumption prediction in promoting energy conservation is highlighted, along with the nonlinear 
correlation between lighting energy usage and its influencing factors. Support vector regression with radial basis function is 
shown to outperform neural networks in terms of forecasting accuracy for lighting energy consumption. In summary, accurate 
energy consumption prediction is crucial for energy conservation and SV regression with radial basis function is a more effective 
tool for achieving this compared to neural networks. The study offers a thorough method for projecting energy production and 
consumption that can assist in addressing the escalating conflict between energy and the environment. 
Index-Terms: Machine Learning, SVM, Random Forest Regression   

 
I. INTRODUCTION 

The development of data-driven models for predicting wind farm power has attracted due to the growing amount of data available 
from simulations and experiments. Although the data-driven models can accurately predict the power of a wind farm with 
characteristics like those in the training ensemble, they typically lack a high degree of flexibility for extrapolating to an untested 
case. The demand for energy production and consumption has consistently increased in alignment with economic growth. This 
research paper establishes a novel prediction approach using neural networks by integrating energy production and consumption. By 
leveraging statistical data from the energy industry, the proposed method accurately forecasts the evolution and fluctuations of 
energy production and consumption. This prediction system addresses the challenges posed by global energy supply pressures and 
the escalating concerns surrounding energy and environmental issues. 
To combine results from numerical weather prediction models with local observations, we use machine learning. While the latter 
gives the model more recent and site-specific data, the former offers useful information on higher-scale dynamics.  We focus on 
well-established techniques that can handle a large amount of data to make the results practical for practitioners. We investigate 
first-variable selection using a nonlinear approach as well as a linear approach. The accuracy of neural networks' prediction method 
is shown by numerical results. The important task is that energy conservation is the prediction for energy consumption. Support 
vector regression has been frequently used to forecast building energy consumption in recent years due to its success in addressing 
non-linear data regression issues.   

II. EXISTING SYSTEM 
Wind turbines play a vital role as a sustainable and efficient source of renewable energy, offering numerous advantages such as zero 
carbon emissions. However, effectively monitoring wind farms and accurately predicting their electricity generation poses 
challenges due to the unpredictable nature of wind speed. Consequently, the management team faces difficulties in efficiently 
planning energy consumption. To tackle this issue, our proposed solution leverages a cloud-based architecture of digital twins, 
coupled with the G-Next Generation Radio Access Network (G-NG-RAN), to enable virtual monitoring of wind turbines. By 
developing a predictive model, we aim to anticipate wind speed and forecast the power generated, providing valuable insights for 
effective energy planning. The developed model utilizes Microsoft Azure's platform for the creation of three-dimensional digital 
twins. Our predictive model incorporates a non-parametric k-nearest neighbors (KNN) regression method combined with a deep 
learning approach called a temporal convolution network (TCN). The predictive modeling process is divided into two main 
components. Firstly, it analyzes the univariate time series data of wind speed to forecast its future values. Secondly, it predicts the 
power generation for each quarter of the year, ranging from weekly to monthly intervals. To evaluate the effectiveness of our 
framework, we conducted tests using publicly available datasets specifically designed for onshore wind turbines. The results 
obtained demonstrate the applicability and effectiveness of our proposed framework, outperforming traditional prediction models. 
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III. PROPOSED SYSTEM 
Due to the emergence of the energy crisis and growing environmental concerns, there has been a significant transformation in the 
landscape of energy consumption over the past few years. With the rising share of renewable energy sources and a decline in non-
renewable resources, accurate estimation of the energy structure has become crucial for cities to formulate effective development 
strategies. In this paper, a novel approach is proposed to enhance the prediction model for energy structure using machine learning 
(ML) techniques. By incorporating additional constraints derived from energy demand projections and future energy plans, the 
model aims to provide more accurate predictions. The relationship between the energy structure and the influencing variables is 
intricate and challenging to establish accurately. To address this complexity, machine learning (ML) techniques are employed to 
analyze historical data on energy consumption structure and extract trends. By leveraging ML theory, the study aims to unravel the 
intricate connections between the influencing factors and the energy structure. This research suggests a model-based approach to 
forecasting electrical energy consumption. Energy consumption prediction is an important task for energy trading organizations. 
Because the accuracy of the prediction is directly related to the business's success, it should be as precise as possible. In this study, 
we compare an evolving ML model to an adaptive linear model for predicting energy usage.  The support vector machine (SVM) 
approach involves utilizing a kernel function to establish a non-linear association between the input and output variables, thereby 
transforming the input space into a higher-dimensional feature space. This enables SVM to effectively model complex relationships 
between the input and output variables. By reducing structural risk, the model's generalization ability can be improved to produce 
sound statistical laws even when there are fewer input samples.  Support vector regression is useful because it can find the best 
overall solution to a non-linear situation. While the support vector regression (SVR) model is capable of modeling complex 
relationships between input and output variables, its performance is heavily influenced by hyperparameters such as the variance of 
the kernel function and the penalty factor C. Thus, a crucial challenge is to determine these hyperparameters in a reliable and 
scientifically sound manner to optimize the performance of the SVR model. As a result, the optimization algorithm must be added to 
the hyper-parameter search process. 
 

IV. ARCHITECTURE DIAGRAM 
 

 
Fig 1. Architecture Diagram 

 
V. MODULE DESCRIPTION 

A. Data Preprocessing 
Machine learning model validation processes are critical for determining their error rate, which is critical in ensuring that the 
model's performance is as close to the real error rate of the dataset as possible. Validation processes may not be required if the 
dataset is large enough to be representative of the population. Working with data samples that are not totally typical of the dataset's 
population is prevalent in real-world circumstances. 
To overcome this problem, data subsets are utilized to modify the hyperparameters of the model while providing a neutral 
evaluation of the model's fit on the training dataset. These subsets are used to find duplicate values, missing values, and data types 
like integers and floats. The model's hyperparameters can be modified to increase its accuracy and overall performance by carefully 
picking the proper subset of data. 
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We began by importing the necessary libraries and the dataset. We made use of   panda library to read the data from a csv file. 
After reading the data, we checked for missing values and duplicates, and then converted the "Date/Time" column to a datetime 
data type. We also added a "Month" column to the data frame. 

 
 

1) Exploratory Data Analysis 
EDA is carried out for the gain insights into the dataset. We used various visualization techniques to explore the relationships 
between different features of the data. We plotted histograms, scatter plots, box plots, and heat maps. We used seaborn and 
matplotlib libraries for data visualization. 
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B. Feature and Model Selection 
The technique of picking a subset of the variables being used that are most relevant to the variable in question (that we desire to 
predict) is known as feature selection. The variable we want to forecast is referred to as the target variable. We shall assume for the 
sake of this essay that we only have numerical variables as inputs and a numerical target using regression predictive modelling. We 
can readily estimate the connection between every input variable and the target variable if we assume this.  Correlation measures 
how two variables evolve in tandem. Pearson's correlation is the most used correlation measure, which assumes a distribution that is 
Gaussian for each variable and discovers a linear relationship among numerical variables.  
You can specify the characteristics (or predictors) to include in the model in Regression Learner. Examine whether you can enhance 
models by eliminating features with low predictive power. If data gathering is costly or difficult, you may prefer a model that 
performs well with fewer predictors. 

 
C. Model Prediction & Evaluation 
1) Random Forest Regression 
Bootstrapping is a resampling technique that involves selecting subsets of a dataset randomly and repeatedly, which is then used to 
derive a more robust outcome through averaging. This approach exemplifies the concept of ensemble modeling, where multiple 
models are combined to improve accuracy. One such example is the bootstrapping Random Forest, which utilizes the decision tree 
framework to generate multiple randomized decision trees from the data, and then aggregates the outcomes to obtain a more reliable 
prediction. In supervised learning, RF Regression is an ensemble learning method that employs multiple machine learning 
algorithms to generate a more accurate prediction compared to a single model. It is important to note that when using information 
from external sources, it is essential to avoid plagiarism and properly cite the original source. 

 
 

VI. RESULTS AND OBSERVATIONS 
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VII. CONCLUSION 
To address the shortcomings of current models in terms of prediction accuracy and generalization ability, as well as to take into 
consideration the volatility of wind power, this study offers an integrated learning model for wind power prediction. The 
suggested model uses a two-step process that starts with forecasting energy demand and moves on to residual correction and 
enhanced energy structure prediction based on an examination of the energy supply system and the no aftereffect property of NN. 
Then, while considering the technique energy plans, the enhanced energy structure prediction model is produced by combining 
limitations based on the power projection for demand and the future energy plan. The work also offers a fresh approach to 
calculating the transition matrix chance. It is essential for the analysis of time series of energy consumption and production. 
Additionally, the study shows how effectively artificial neural networks perform in separating related components of estimates 
and complexities as well as operational precision estimations. It is crucial to remember that when using outside sources, correct 
citation and prevention of plagiarism are essential. 

 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 11 Issue VIII Aug 2023- Available at www.ijraset.com 
     

 
1564 1564 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

 

REFERENCES 
[1] J. A. Turner, A realizable renewable energy future, Science, vol. 285, no. 5428, pp. 687689, Jul. 1999. 
[2] Study Report on Disruptive Technologies. World Commerce Organization, WCO, Brussels, Belgium, 2019. 
[3] S. Khokhar, A. A. B. Mohd Zin, A. S. B. Mokhtar, and M. Pesaran, A comprehensive overview on signal processing and articial intel- ligence techniques 

applications in classication of power quality dis- turbances, Renew. Sustain. Energy Rev., vol. 51, pp. 16501663, Nov. 2015 
[4] S. Sobri, S. Koohi-Kamali, and N. A. Rahim, Solar photovoltaic genera- tion forecasting methods: A review, Energy Convers. Manage., vol. 156, pp. 459497, 

Jan. 2018. 
[5] A. McGovern, K. L. Elmore, D. J. Gagne, S. E. Haupt, C. D. Karstens, R. Lagerquist, T. Smith, and J. K. Williams, Using articial intelligence to improve real-

time decision-making for high-impact weather, Bull. Amer. Meteorol. Soc., vol. 98, no. 10,pp. 20732090, Oct. 2017. 
[6] A. Selasinsky, The integration of renewable energy sources in continuous intraday markets for electricity, Dresden, Fakultt der Wirtschaftswis- senschaften, 

Lehrstuhl fr Energiewirtschaft, Dresden, 2016. 
[7] Getting Smarter by the Day: How AI is Elevating the Performance of Global Companies, TCS, Mumbai, India, 2019. 
[8] M. Zieher, M. Lange, and U. Focken, Variable renewable energy forecastingIntegration into electricity grids and markets A best prac- tice guide, in Proc. 

Deutsche Gesellschaft Internationale Zusammenar- beit (GIZ), Eschborn, Germany,2015, pp. 18.  
[9] C. Voyant, G. Notton, S. Kalogirou, M.-L. Nivet, C. Paoli, F. Motte, and A. Fouilloy, Machine learning methods for solar radiation forecasting: A review, 

Renew. Energy, vol. 105, pp. 569582, May 2017. 
[10] S. Sinha and S. S. Chandel, Review of recent trends in optimization techniques for solar photovoltaicwind based hybrid energy systems, Renew. Sustain. 

Energy Rev., vol. 50, pp. 755769, Oct. 2015.  
[11] E. B. Ssekulima, M. S. El Moursi, A. Al Hinai, and M. B. Anwar, Wind speed and solar irradiance forecasting techniques for enhanced renewable energy 

integration with the grid: A review, IET Renew. Power Gener., vol. 10, no. 7, pp. 885989, Aug. 2016.  
[12] H. Pourbabak and A. Kazemi, A new technique for islanding detection using voltage phase angle of inverter-based DGs, Int. J. Electr. Power Energy Syst., vol. 

57, pp. 198205, May 2014.  
[13] R. Deng, Z. Yang, F. Hou, M.-Y. Chow, and J. Chen, Distributed real-time demand response in multisellermultibuyer smart distribution grid, IEEE Trans. 

Power Syst., vol. 30, no. 5, pp. 23642374, Sep. 2015.  
[14] EUROPE 2020. A Strategy for Smart, Sustainable and Inclusive Growth. European Commission, Brussels, Belgium, 2010.  
[15] Why Europe Needs a Better Interconnected Energy Infrastructure, Euro- pean Union, Berlin, Germany, 2017.  
[16] Directive on the Promotion of the Use of Energy From Renewable Sources, European Parliament, Brussels, Belgium 2018.  
[17] A. L. Bovenberg, Green Tax Reforms and the Double Dividend: An Updated Readers Guide, Int. Tax Public Finance vol. 6, pp. 421443, Aug. 1999.  
[18] Global Landscape of Renewable Energy Finance, International Renewable Energy Agency, IRENA and CPI, Abu Dhabi, United Arab Emirates, 2018.  
[19] C. Christensen, R. McDonald, E. Altman, and J. Palmer, Disruptive Inno- vation: Intellectual History and Future Paths, in Proc. Harvard Business School 

Working, 2016, pp. 1457.  
[20] J. Gans, The Disruption Dilemma. Cambridge, MA, USA: MIT Press, 2016.  
[21] Y. Zeng, P. Dong, Y. Shi, and Y. Li, On the disruptive innovation strategy of renewable energy technology diffusion: An agent-based model, Ener- gies, vol. 

11, no. 11, p. 3217, 2018.  
[22] R. Adner and R. Kapoor, Value creation in innovation ecosystems: How the structure of technological interdependence affects rm performance in new 

technology generations, Strategic Manage. J., vol. 31, no. 3, pp. 306333, Mar. 2010. 
[23] C. Perera, A. Zaslavsky, P. Christen, and D. Georgakopoulos, "Sensing as a service model for smart cities supported by internet of things," Trans. Emerging 

Telecommun. Technol., vol. 25, no. 1, pp. 8193, 2014. 
[24] M. Vgler, J. M. Schleicher, C. Inzinger, S. Dustdar, and R. Ranjan, "Migrating smart city applications to the cloud,"IEEE Cloud Com- put., vol. 3, no. 2, pp. 

7279, Mar. 2016. M. I. Pramanik, R. Y. Lau, H. Demirkan, and M. A. K. Azad, "Smart health: Big data enabled health paradigm within smart cit- ies," Expert 
Syst. Appl., vol. 87, pp. 370383, 2017.  

[25] S. Nath, "ACE: Exploiting correlation for energy-efcient and con- tinuous context sensing," in Proc. 10th Int. Conf. Mobile Syst. Appl. Serv., 2012, pp. 2942.  
[26] M. Vogler, J. M. Schleicher, C. Inzinger, and S. Dustdar, "A scal- able framework for provisioning large-scale IoT deployments," ACM Trans. Internet 

Technol., vol. 16, no. 2, pp. 11:111:20, Mar. 2016. 
[27] S. Yamamoto, S. Matsumoto, and M. Nakamura, "Using cloud technologies for large-scale house data in smart city," in Proc. IEEE 4th Int. Conf. Cloud 

Comput. Technol. Sci., Dec 2012, pp. 141148.  
[28] R. Righi, V. Rodrigues, C. A. da Costa, G. Galante, L. Bona, and T. Ferreto, "AutoElastic: Automatic resource elasticity for high performance applications in 

the cloud," IEEE Trans. Cloud Com- put., vol. 4, no. 1, pp. 619, Jan.Mar. 2016.  
[29] J.H. Rosa, J. L. V. Barbosa, M. Kich, and L. Brito, "A multi-tempo- ral context-aware system for competences management," Int.J. Artif. Intell. Edu., vol. 25, 

no. 4, pp. 455492, 2015.  
 



 


