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Abstract 

The problem of electric load forecasting in electric power 

supply systems based on artificial neural networks is consid-

ered in the paper. Monthly, daily and hourly data on electric 

power consumption are used as a database. Three-dimensional 

neural networks and their potential are described. A hypothe-

sis about the introduction of “pseudo-three-dimensional net-

works” is made, their options and advantages are focused on.  

Keywords: Forecasting, Neural Networks, Networks and 

Electric Power Supply Systems,  Electric Load Control. 

 

INTRODUCTION 

The problem of the constant increase in electric power con-

sumption in the 21st century is relevant. A classical approach 

to the solution of this problem is to increase electric power 

generation but attention must be paid to the exhaustibility of 

natural resources. Therefore, ways to improve the efficiency 

of electric power supply systems control are considered all 

over the world besides the increase of electric power genera-

tion. One component of electric power supply systems control 

technologies is the software which allows to forecast electric 

power consumption with the help of electric load.  

Different approaches are used in the technologies of forecast-

ing electric power consumption. Mathematical and static 

methods, the theory of fractals, neural networks (NN) are ap-

plied in this case. Neural networks are the most promising 

tools for forecasting. As NN are non-linear, they can succeed 

in forecasting electric power consumption in constantly 

changing conditions, for instance climatic ones.  

The research of neural networks is done in the paper and the 

analysis of initial data presentation variants for obtaining ac-

curate results is made in particular. Besides, three-dimensional 

and pseudo-three-dimensional networks are described and 

their advantages over classical two-dimensional networks are 

considered.  

It has been found out that the most perspective way of NN 

data presentation is the hourly variant with a two-hour inter-

val. A new algorithm of two-dimensional networks represent-

ed in the form of three-dimensional networks (“pseudo-three-

dimensional networks”) is specified.   

 

LITERATURE SURVEY 

At the present time there are many ways used to forecast elec-

tric power consumption. These are stochastic and mathemati-

cal methods as well as the theory of fractals. There can be a 

long-term forecast and a short-term one. They are necessary 

for stochastic and mathematical methods as they can not be 

based on the unpredictable deviation of data. The theory of 

fractals and neural networks do not have such a drawback, 

that is why there will be no reference to the long-term and 

short-term forecast in the research since the studied NN can 

redetermine internal factors for obtaining a highly accurate 

forecast [1-5]. 

 

RESULTS AND DISCUSSION  

The database on electric power consumption in electric power 

supply systems of Tambov (the Russian Federation) was used 

for the research. The MATLAB system was applied for mod-

elling NN. The data were presented in the form of: monthly 

data during one year, daily data during one month and hourly 

data during 12 months. It should be noted that the first two 

methods are presented as a vector and the latter one is pre-

sented as a matrix.  It is stipulated by the peculiarities of data 

presentation in the MATLAB system. In case of hourly data it 

is possible to get a 12х12 matrix due to the two-hour interval 

which will be accepted by the system.  

It was supposed that the accuracy of the forecast based on NN 

depends on the deviation degree of data used in the setting up 

process. The smaller the deviation degree is the more accurate 

the forecast is. To study and analyze the first two methods, the 

NN with the structure shown in FIG. 1 was used.   
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Figure 1: NN for processing vector data which has ten neurons with the activation function logsig in the hidden layer and two 

neurons with the linear function of activation purelin in the output layer 

 

 

Figure 2: Data used for forecasting monthly power consumption 

 

Such a NN configuration was chosen as a result of the analy-

sis of various configurations of NN to solve the problem of 

forecasting electric power consumption in which this network 

showed the best result [1].  The forecast error was determined 

on the basis of MAPE, i.e. an average absolute error of the 

forecast. This algorithm is the most appropriate one for com-

paring the forecast results received from one database.  The 

formula looks like this  

 

MAPE= 1

n∑
∣Y t− Ŷ t∣

Y t
,                                             (1) 

where Yt are the data of one control sample, Ŷ t   are the data 

obtained as a result of forecasting. 

 

In the first presentation variant data for every month form a 

vector with the dimension (1;12) which is an element for set-

ting up a NN.  There are data on electric power consumption 

for five years; four years of them are used for setting up a 

neural network and the last year data are compared with the 

forecast data.  

The data were collected on the first day of the month at 18:00 

Moscow time; this time point was considered to be the most 

illustrative one. The analyzed data are shown in Fig. 2.  

As can be seen in FIG.2, the data for different years are prac-

tically similar resulting in higher forecast accuracy in theory.  

One of the vectors used in the setting up process is described 

in Table 1.  

Table 1: Example of the vector used in the setting up process   

Month Jan. Feb. March Apr. May June 

MWh 165.19 227.31 173.83 153.48 108.97 120.69 

 July Aug. Sep. Oct. Nov. Dec. 

 109.29 133.07 120.38 154.44 202.96 197.51 

 

After the neural network had been set up, modelling had been 

made and an average absolute forecast error had been deter-

mined, a vector with forecast errors was formed. It is shown in 

Table 2.  

Table 2: Forecast error vector 

Month Jan. Feb. March Apr. May June 

MWh 1.71 0.57 1.01 6.26 19.15 9.74 

 July Aug. Sep. Oct. Nov. Dec. 

 2.83 15.69 2.07 4.30 5.38 6.29 
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 The results received as an average absolute forecast error for every month are shown in FIG. 3.  

 

Figure 3: Average absolute forecast error for every month 

 

 

Figure 4: Data for examining a daily variant 

 

As can be seen in FIG. 3, the biggest forecast error was in 

May and August.  It was caused by many factors including 

temperature changes during one and the same month in differ-

ent years.  But, in general,  an averaged absolute forecast error 

was 6.25% that is quite accurate.  

Having analyzed a monthly forecast of electric power con-

sumption, we must examine a daily forecast. The data will be 

represented in the form of vectors, the initial database is 

shown in FIG. 4.   

 

As can be seen in FIG. 4, the data are given in a random form 

compared to monthly data. This will result in a higher average 

absolute forecast error in theory despite the increase in the 

amount of data, i.e. 30 values in one vector space.  

The vector used for the setting up process has the dimension 

(1;30); the data for April were collected at 18.00 Moscow 

time. This vector sample is shown in Table 3.   
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Table 3: One of the vectors with daily data used in the setting up process 

Day 1 2 3 4 5 6 7 8 9 10 

MWh 153.4 157.4 157.5 154.5 156.4 152.3 144.4 144.9 150.9 157.5 

 11 12 13 14,00 15 16 17 18 19 20 

 150.5 158.3 161.3 130.5 109.1 125.4 123.5 129.1 125.6 123.1 

 21 22 23 24 25 26 27 28 29 30 

 122.8 108.4 126.0 118.2 121.1 118.9 119.0 113.1 106.4 111.1 

 

The result of electric load modelling with the given parameters is shown in FIG. 5. 

 

Figure 5: Result of daily power consumption forecast 

 

 

Figure 6:  NN for working with a 12x12 matrix 

 

As can be seen in FIG. 5, the forecast error is bigger com-

pared to the monthly forecast error. It is explained by the fact 

that initial data used in the setting up process have a more 

random form. To illustrate this, the forecast result based on 

average initial data is shown in FIG. 5 besides the data of the 

NN modelling.  It is evident that the graphs are similar and the 

average forecast error based on the NN was 9.1% whereas the 

forecast error based on averaging was 8.7%.  Thus, it is not 

reasonable to use neural networks for the daily forecast of 

electric load consumption in case of a small database as it 

gives way even to the simplest method of data averaging.    

After the examination of two vector methods of forecasting, a 

monthly variant and a daily variant, a matrix representing an 

hourly variant of electric power consumption forecast must be 

analyzed. Matrices must be square, i.e. have a NxN dimension 

to provide the use of neural networks. In case of an hourly 

forecast there will be a matrix with 12 months of the year and 

12 time segments corresponding to a 12x12 matrix.   

Besides the correct formation of initial data, it is necessary to 

change the NN configuration to work with matrices. It can be 

done due to the increase of neurons in the output layer to cor-

respond to the matrix dimension, in other words, there will be 

12 neurons with the linear function of activation in the output 

layer. Such a neural network is shown in FIG. 6.   

One of the matrices with the data used in the setting up pro-

cess is shown in Table 4.  



International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 24 (2017) pp. 15278-15286 

© Research India Publications.  http://www.ripublication.com 

15282 

Table 4: Example of the matrix used in the setting up process 

Time/ 

month 

Power consumption, MWh 

Jan. Feb. March Apr. May June 

0:00 130.0 154.0 128.2 112.2 91.6 105.8 

2:00 112.0 138.3 114.4 97.2 78.0 86.6 

4:00 104.9 134.1 110.5 93.7 73.9 79.5 

6:00 116.6 167.4 143.5 94.3 93.1 96.0 

8:00 138.2 210.1 173.7 108.2 127.8 129.6 

10:00 154.4 221.2 184.4 111.1 136.6 146.5 

12:00 157.2 214.9 177.3 107.3 136.2 146.1 

14:00 157.7 207.9 173.9 104.7 138.6 145.1 

16:00 162.3 198.8 167.4 104.7 133.9 139.0 

18:00 189.5 209.4 166.0 109.1 125.7 130.8 

20:00 189.8 222.2 197.9 133.5 126.2 127.7 

22:00 164.8 191.0 167.6 132.0 136.7 138.6 

Time/ 

month July Aug. Sep. Oct. Nov. Dec. 

0:00 100.1 95.1 100.4 115.8 128.4 150.9 

2:00 83.6 81.2 86.8 101.7 113.5 130.8 

4:00 75.9 76.6 80.9 97.3 109.7 124.9 

6:00 77.6 90.0 93.8 133.1 144.1 144.9 

8:00 98.0 121.9 118.2 175.5 189.3 185.9 

10:00 116.7 137.5 130.7 192.6 195.3 198.5 

12:00 119.7 138.0 128.8 188.9 190.7 194.2 

  

14:00 119.2 137.5 126.7 188.5 188.6 189.2 

16:00 118.2 134.1 122.6 187.4 189.6 191.0 

18:00 116.3 126.0 125.4 197.7 211.4 223.3 

20:00 117.8 129.5 157.5 201.9 196.6 215.6 

22:00 133.6 133.2 135.1 165.9 164.2 188.6 

 

As can be seen in Table 4, the random nature of the forecast 

data is at the level of the random nature of initial data that is 

why it can be said that such an approach must result in high 

forecast accuracy, not more than 6.25% received in the pro-

cess of the monthly forecast.  

Table 5 was completed as a result of setting up a neural net-

work, modelling and determination of the forecast error.  
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Table 5: Average absolute forecast error in case of an hourly 

method, % 

Month\ 

time 
1 2 3 4 5 6 7 8 9 10 11 12 

0:00 2 6 8 14 3 0 2 2 2 2 3 13 

2:00 2 5 7 15 2 1 4 1 4 5 6 13 

4:00 1 4 6 13 1 4 9 3 3 2 2 10 

6:00 1 10 3 8 18 3 12 13 12 3 4 3 

8:00 1 14 10 6 21 3 11 11 16 2 1 2 

10:00 2 8 6 8 11 2 7 9 13 6 0 0 

12:00 2 5 3 10 6 3 5 10 12 5 2 1 

14:00 0 4 3 10 4 5 4 9 11 6 1 1 

16:00 3 2 0 11 3 6 2 4 11 3 7 8 

18:00 1 1 5 18 10 5 7 0 15 3 0 4 

20:00 1 2 1 9 3 5 5 11 8 1 6 5 

22:00 1 4 3 11 1 5 5 5 0 6 1 9 

Average 1 5 5 11 7 4 6 6 9 4 3 6 

 

As can be seen in Table 5, the hourly forecast of electric pow-

er consumption resulted in high accuracy, the average abso-

lute forecast error was 5.5% that is 0.75% more accurate than 

the monthly forecast. Furthermore, the hourly forecast is more 

informative than the monthly one.  The biggest forecast error 

was in April and September that can be explained by the 

changing weather during these months.  

However, 5.5% accuracy in the hourly variant of the forecast 

is not the maximum limit. Firstly, only the data collected eve-

ry two hours are taken into account and secondly, there is no 

reference to certain weekdays or dates of the month. The ref-

erence to weekdays can add 1-2% accuracy to the forecast 

results.   

One of the methods to increase the accuracy of electric power 

consumption forecast is the consideration of three variables in 

the neural network at the same time. These are time, a week-

day (or a date of the month) and a month. Consequently, in 

case of three parameters there will not be a classical two-

dimensional matrix but a three-dimensional one in which 

months will be indicated on one axis, time points – on the 

second axis and a weekday or a date of the month – on the 

third axis.   

There is one peculiarity in the process of using a neural net-

work in the MATLAB system related to the fact that it is pos-

sible to create only square matrices while tree-dimensional 

matrices and three-dimensional neural networks are not pro-

vided for.  

The main advantage of the three-dimensional neural network 

used for electric power consumption forecast is the possibility 

to forecast power consumption for every hour, every day, eve-

ry month that allows to increase electrical networks control 

efficiency.  In addition, there will be no need for averaging 

initial data resulting in the higher forecast accuracy.   

Let us suppose that there is a software package in the 

MATLAB environment for creating neural networks with a 

three-dimensional input matrix. Consequently, such a matrix 

must look like a cube with equal sides. It should be noted that 

in case of months and time points their number can be brought 

into correlation with 12 months and 12 time points with a two-

hour interval, but in case of weekdays and (or) dates of the 

month such an approach cannot be used; the 30th (31st) date 

does not correspond to 12 or 24 points as well as 7 weekdays.  

A possible solution can be found in non-integral coefficients 

for getting correlating equivalent values. So the aim will be to 

correlate variables which are not correlating by dividing or 

multiplying them by some coefficient. However, such an ap-

proach does not provide an evident result and makes the work 

with initial and obtained data more complicated.   

Thus, it can be stated that if there was such a software pack-

age that could create neural networks based on three-

dimensional matrices, there is no opportunity to form such a 

matrix.  Therefore, let us consider the formation of valid 

three-dimensional matrices in the MATLAB environment to 

be impossible at the present moment.  

But there is another variant of taking into account three varia-

bles in the neural network. It is the creation of “a pseudo-

three-dimensional neural network”. Such a network would 

represent several layers of ordinary neural networks and per-

haps one more neural network for processing data obtained 

from neural networks consisting of layers.    

Let us suppose that we must use three variables, the matrix 

has a 4х4х4 dimension. In case of a two-dimensional matrix 

the neural network structure is shown in FIG. 7.  
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In – input layer neurons, HL – hidden layer neurons, OL – output layer neurons, O – output of the neural network 

Figure 7:  NN structure based on 4x4 matrices 

 

 

Figure 8:  Four layers imitating a three-dimensional matrix 

 

As can be seen in FIG. 7, the neural network has 10 neurons 

in the hidden layer, the number of neurons in the output layer 

is chosen automatically. Such a configuration was chosen in 

accordance with [1]. Matrices are in the NN input and output.  

It is worth paying attention to the number of neurons in the 

output layer as it always corresponds to the matrix dimension.  

Now let us suppose there are 4 layers with a neural network in 

each of them. The result is shown in FIG. 8.   

Such a variant gives way to a valid neural network as there are 

no inter-layer connections, but it allows to get a forecast of 

data including three variables. Meanwhile, if there must be a 

matrix with a NxN dimension for one layer, the number of 

layers can differ from N. It gives much freedom for the for-

mation of initial data for NN.   

Let us consider the hourly variant of the forecast represented 

above. It looks like a 12x12 matrix in which months are indi-

cated on the vertical axis and time points with a two-hour in-

terval – on the horizontal axis. Let us make 7 layers with the 

same matrix in each of them but on a certain weekday. “The 

pseudo-three-dimensional matrix” will have a 12x12x7 di-

mension and will be able to forecast electric power consump-
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tion on the definite weekday in the definite month at the defi-

nite time point with a two-hour interval.   Similarly, layers 

representing dates of the month can be made, but it will be 

necessary to form 31x (the number of iterations in the setting 

up process) matrices as there are 30 or 31 days in the month 

and we will have the 31st layer, i.e. the 31st neural network and 

this is labour-consuming. Therefore, it will be logical to use 

layers for weekdays.  

If we suppose that a valid three-dimensional matrix with a 

4x4x4 dimension will be formed and an algorithm for its pro-

cessing will be developed, the question arises: What neurons 

and in what layers must be connected? 

 

 

 

Figure 9: Three-dimensional neural network with all interconnected neurons in hidden and output layers 

 

 

Figure 10: NN with connections only in the output layer 

Such a reduction of connections will accelerate the NN and decrease the forecast errors. 
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As the neural network based on matrices automatically forms 

a number of neurons in the output layer equal to the matrix 

dimension, it was supposed that the NN of the back propaga-

tion of error algorithm divides the matrix into n vectors with 

arrays consisting of n amount of elements in the second layer 

after having processed the matrix in the first (hidden) layer. 

Therefore, it can be assumed that there must be an inter-layer 

neuron connection only between neurons of the output layer in 

the valid three-dimensional network as the inter-layer connec-

tion in the hidden layer will spoil initial data. So, it will be 

logical to connect neurons which handle vectors but not ma-

trices.   

 

CONCLUSION 

The study has shown that “pseudo-three-dimensional neural 

networks” have properties of three-dimensional neural net-

works due to a great number of separate NN. It is possible that 

such a model of the neural network will help to get higher 

accuracy of the forecast for electric load than two-dimensional 

networks because of weekdays taken into account and averag-

ing of data which is not used in this case.  
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