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Power system planning is responsible for the generation, 
transmission and distribution of electricity. Thus, an accurate 
forecast of electricity consumption is essential as it serves as the 
basis for energy management and operational decisions. This 
would be a big step forward for energy producers. In addition, 
improved energy data processing opens up new opportunities for 
data collection, exploration and more accurate forecasting. As a 
result, researchers around the world are trying to improve energy 
demand forecasts. 

Therefore, energy companies need to explore models in 
order to better predict and plan energy use. One approach to 
solving this problem is the assessment of energy consumption at 
the consumer level. The energy consumption forecasting concern 
is  a  time  series  regression  concern.  It  consists  of  predicting  
energy consumption for the next few days, given the customer's 
end story. Machine learning methods have shown promising 
results in a variety of tasks including time series and regression 
concerns. Some of these promising results are related to deep 
neural networks. Although deep model architectures have been 
explored in other areas, they have not been used to solve the 
power consumption prediction concern. 

In  this  paper,  we  propose  a  new,  efficient  system  for  
predicting monthly energy consumption using deep learning 
methods. The authors analyzed two machine learning models. 
Several architectures of neural network models have been 
developed. Model studies were carried out on a dataset that 
included historical data for 10 years. The results showed that the 
resulting architecture of the hybrid model can predict hourly 
energy consumption with a relative error of 5%. 

The proposed solution could act on energy 
producers/distributors to help smart meters make better decisions 
to reduce overall energy consumption by limiting energy 
production. 

Keywords: machine learning, neural networks, XGBoost, 
LSTM, RNN, CNN, energy forecasting, time series, energy 
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