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The article describes a model to estimate an electrical energy consumption on the basis
of neural network of direct distribution. The model is tested on actual hourly data of both
United energy system of Wholesale electricity market and power of Russia. An algorithm to
train a neural network with different numbers of neurons in the hidden layer is described.
We tested the obtained model and find that a forecast error is 2.13 % for a network with 72
neurons in the hidden layer. The designed scientific instrument is recommended in operating
activities of electric power subjects, when main parameters of energy market are forecasted
in order to reduce the penalties by improving the accuracy of forecasts.
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Introduction

The wholesale electric energy market should provide sufficient power amount in order
to coverage electric energy demand with regard to the necessary reserve of electrical power
using the most effective resource-saving technologies. In this way, suppliers should to
maintain the generating equipment ready for electric energy production. A system operator
controls the timely and proper implementation of investment programs. Such programs of
generating companies are formed as a result of power trading. The system operator also
selects a power.

It is clear that errors of the forecast volume values appear regularly.

Market participants who have made mistakes in planning can buy or sell electric energy
on the balancing market, but prices of the market are very disadvantageous.

It follows from the above that an accuracy of forecast of electric energy consumption
and production is important [1].

Data of electric energy consumption volumes is time series. It is expedient to use neural
networks in order to forecast the time series.
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1. Method to Construct Neural Network Based on Multi-Layer
Perceptron

The direct extension network is often used to forecast the time series. A signal in such
network travels in only one direction: from input to output [2]. Multilayer perceptron
is a subclass of direct extension networks. Such perceptron is a combination of several
elements (see Fig. 1):

- an input layer (a set of input nodes),

- a set of n hidden layers (n € (1, N)),

- an output layer.

Input layer Hidden layers Output layer

Fig. 1. An architecture of three-layer perceptron

The neurons of the hidden layers allow to train a network in order to decide
more complex tasks. It is so, because such neurons consistent take the most important
characteristics of the input vector.

All layers in the multilayer perceptron are highly connected. That is, each neuron of
this layer is connected with each neuron of the next layer [3].

The output of each neuron of network is processed by nonlinear activation function.
The training algorithm of an error backpropagation can be applied, if activation function is
continuous, differentiable and monotonically nondecreasing. Also, the computations during
training are more effective, if a derivative of the activation function can be found easily.
More often an activation function is a function of sigmoid form [4]. One of such functions
is the logistic function

1

f(@zm’

where « is a slope coefficient of sigmoid function. Let E be a function to calculate the
error. Weights in the output layer change by gradient, which is calculated by the formula

AWy =n-Opn x Dy,
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where 7 is a firing coefficient (training speed), Oy is an output of the last hidden layer,
Dy is an output layer error.

Dy = E(y,t)- f'(y)

where y is an output of neural network, ¢ is target output value, f is an activation function.
Weights in hidden layer [ change by gradient, which is calculated by the formula

AWy =mn-0,1 x Dy,

where O;_; is an output of layer (I — 1), D, is an error on layer .

Dy = (Wig1 X Di_q) - f1(O),

where W, are weights on layer (I + 1), O; is an output of layer [.

2. Algorithm Implementation

In the paper we use such high-level programming language as Python. We choose
Python due to the following considerations:

— the software code is easy;

— there exists sufficiently large number of ready-made modules;

— a code fast executes.

We use hourly electric energy consumption data in order to create a training sample.
The training sample is a set of N pairs (input, output), where the input is a vector of (48,
1) size, and the output is a vector of (24, 1) size.

The input vector includes electric consumption data for two days. The output vector
includes electric consumption data for one day. In the paper we use a three-layer perceptron
to forecast an energy consumption. The perceptron contains 48 neurons at the input layer,
72 neurons at the hidden layer and 24 neurons at the output layer, see Fig. 2.

48 neurons 72 neurons 24 neurons

Fig. 2. Multilayer Perceptron
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In the neural network in the input and hidden layers we use an activation function

B 2

T l4e

The activation function does not apply to the output layer.

To calculate an output error of neural network we use a mean square error

Zf:1(yk: — 4k)?
- .

tansig(x)

E(y,y) =

For training we use the hourly data of electric energy consumption in Russia from
2009 to 2015. The data is taken from the official website of the System Operator of the
United Energy system.

To evaluate the accuracy of forecast we use data of December 2015.

A parameter of model evaluating is MAPE (mean absolute percentage error)

1 Yi — Ui
MAPE = — ,
PR
where y; is a theoretical value, y; is a practical value.
Also, in order to find the optimal parameters of neural network, the tests with different
number of neurons in the hidden layer are conducted. Namely, we test neural network
having 24, 48, 72, 96 neurons in the hidden layer. The results are shown in Table.

The results of training a neural network
having different number of neurons in the hidden layer

Number of neurons Error, %
24 11,83

48 4,52

72 2,13

96 2,24

Based on the training accuracy, we choose the network having 72 neurons in hidden
layer.

To test the forecast we use hourly data of electric energy consumption in Russia for
2016. An average forecast error is 2.29 %. Graphical forecast image is shown in Figure 3.

Conclusion

In the paper we show that a multi-layer perceptron can to forecast electric energy
consumption with sufficient accuracy. Several tests with different network parameters were
conducted. The result of the tests are following. First, an optimum number of neurons in
the hidden layer was identified. Second, sufficiently high forecast accuracy (97.71 %) was
reached.
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Fig. 3. Forecast of neural network
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MOJIEJINMPOBAHUE SHEPI'OIIOTPEBJIEHU A
C IIOMOIIIBIO HEMPOHHBIX CETEN ITPAMOTIO
PACIIPOCTPAHEHUSY HA ITIPUMEPE OSC POCCHUH

B.I'. Moxos, T.C. Temvanenxo, U.II. Ocmarun

B craTpe paccmoTpena Mo/esIb IPOIHO3UPOBAHNS 00HEMOB TOTPEOICHHUS JIEKTPOIHED-
IUU Ha OCHOBE HEHPOHHON ceTw mpsaMOro pacmupoctpanenus. Mojeab mporecTupoBaHa Ha
darTHIeCKuX MOYacOBbIX JanHbIX OO0beuHenHol sHeprocucTeMbl ONTOBOTO PBIHKA, 3JIEK-
TposHeprun u MormHocTH Poccuun. Onmcan ajroput™ o0yUeHUs HEMPOHHOM CeTH ¢ Pa3HbIM
KOJIMYECTBOM HEMPOHOB Ha CKPBITOM cjioe. [Ipu TecTHpoBaHMM TI0JIyYEHHONH MOJEH ObLIa
JIOCTUTHYTA, OMMOKa pornosa 2,13 % mus cern ¢ 72 HeifipoHaMm Ha CKpPBITOM cJjoe. Paspa-
OOTAHHBII HAYIHBIN HHCTPYMEHTAPUNA PEKOMEHTYeTCsl B OIIEPAITHOHHOM IesiTeIbHOCTH CyOb-
€KTOB 3JIEKTPOIHEPIETUKY MPHU ITPOTHO3UPOBAHUN OCHOBHBIX MAPAMETPOB IHEPTETUIECKOTO
DBIHKA JIJIsT CHU2KEHWs MITPadHBIX CAHKIUN 3a CYeT MOBBINICHUsSI TOYHOCTHA ITPOIHO30B.

Karouesnie crosa: cybsexmol aAeKmMpoIHePeemMuKy; IHEP20NOMPEdAEHUE; HETUPOHHBIE CE-
MU; AKMUBGUUOHHAA PYHKUUA; ONMOBHLT POHOK IAEKMPOIHEPLUL U MOULHOCTIIU; NPOLHO-
3UPOBAHUE.

JImreparypa

1. Moxos, B.I'. Modeling of the Time Series Digressions by the Example of the UPS of the
Ural / B.I. Moxos, T.C. /lembsinenko // Becruuxk FOYpI'Y. Cepust: Maremarudeckoe
MojiesinpoBanue u nporpammuposanue. — 2015. — T. 8 Ne 4. — C. 127-130.

2. Kriesel, D. A Brief Introduction to Neural Networks / D. Kriesel. — Germany, 2007.

3. Xaitkun, C. Heiiponnsie ceru: [Mosmbiii kype / C. Xaitkun. — M.: Bubsivc, 2006.

4. Ocosckunit, C. Heiiponnsie cetu st obpaborku undopmarmu / C. Ocosckmit. — M..:
QuuaHcel u craTuctuka, 2002.

Moxos Benuamun [ennadvesuy, dokmop 3KOHOMUMECKUT Hayk, npogeccop, ragded-
DA MAMEMAMUYECKO20 U KOMNBLIOMEPHO20 Modeauposarus, FOocrno-Yparvexutl 2ocydap-
cmeennwill yrusepcumem, (2. Yeasbumnck, Poccutickan Dedepayus), mokhov50@mail.ru

Hemvanenrxo Tamvana Cepeeesna, cmapwut npenodasamens, kaghedpa mamemamu-
YECKO20 U KOMNLIOMEPHO20 Mmodeauposarus, FOocro-Ypanrvckuil 2ocydapemsennvill yHu-
sepcumem, (2. Yeanbumncrk, Poccutickan Dedepayus), oop  flp@mail.ru

Ocmarun Uava Ilasarosuy, mazucmpanm, xapedpa mMamemamuieckozo U KOMNbIO-
meprozo modeauposarus, FOocro-Ypasvckuii 2ocydapemeennuiti yrnusepcumem, (2. e-
aabunck, Poccutickasn @edepayus), deks1309Q@Qgmail.com

Hocmynuna 6 pedaxuyuro 7 nexabpst 2016 1.

78 Journal of Computational and Engineering Mathematics



