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INFORMATION IN ENGLISH 

APPLICATION OF DEEP NEURAL NETWORK ENSEMBLE IN A PROBLEM OF SHORT-TERM LOAD FORECAST-
ING GUARANTEED ELECTRICITY SUPPLIER 
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At present, thermal power plants account for about 60% of 
generating equipment in the Russian energy system. To 
effectively control the mode of operation of the power system, 
due to the low flexibility of thermal generation, predictive 
information about the hourly electrical load of all consumers is 
required. In this regard, the purchase of electricity on the 
wholesale electricity and capacity market (WECM) presupposes a 
short-term forecast of its own hourly electricity consumption. 
Suppliers of last resort purchase the required volumes of 
electricity on the wholesale electricity market for its further sale 
to end consumers. Errors in short-term forecasting of electricity 
consumption worsen the financial indicators of guaranteed 
suppliers, and also increase the price of electricity for end users 
by paying for unreasonable start-ups and shutdowns of generating 
equipment, as well as additional losses of electricity caused by 
the choice of a non-optimal scheme of electrical networks. The 
most important condition for achieving high accuracy of short-
term forecasting is the choice of the optimal forecasting 
algorithm. This article is devoted to the issues of increasing the 
accuracy of short-term forecasting of hourly electricity 
consumption of groups of supply points of a guaranteeing 
electricity supplier using artificial neural network tools including 
deep learning. A comparative analysis of the accuracy of short-
term prediction of power consumption of a multilayer perceptron, 
one-dimensional and two-dimensional convolutional neural 
networks, a recurrent neural network, an ensemble of deep neural 
networks,  as  well  as  the  method  of  expert  estimates  based  on  
retrospective and actual data has been carried out. On the test 

sample of data, the ensemble of neural networks demonstrated an 
average prediction error of 1.05%, which is 1.99% lower than the 
forecast error of a multilayer perceptron. With regard to the 
factual data, the ensemble neural network algorithm demonstrated 
a forecast error of 2.45% on an annual interval, which is 0.14% 
lower than the forecast error obtained using the method of expert 
estimates. An assessment of the expected annual economic effect 
from an increase in the accuracy of short-term forecasting of 
electricity consumption was made, which amounted to 256,865.8 
rubles. 

Keywords: artificial neural network, short-term load 
forecasting, forecasting error, forecasting algorithm, wholesale 
electricity and power market, factors, hyperparameters, training 
sample, free parameters, stochastic gradient descent, training. 
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