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IMPEAUKINJA IOTPOLIIBLE EJIEKTPUYHE EHEPIT'NJE
INPUMEHOM BEHITAYKHUX HEYPOHCKHUX MPEKA

Kueacesuh Jlpazana', bnazojeeuli Mapuja®, Anexcandap Pankosuh®

Pe3ume: Y oBoMm paxy O6uhe mpuka3aHo Kako ce KOpHINemeM BEITaYKUX HEYPOHCKHUX MPEXa MOXKE M3BPIINTH
NPEAMKIIja MOTPOLIHE SICKTPUYHE EHEPTHje KO MAJIMX MOTpoIIaya CBPCTAHUX y JIBE KaTeropyje npema BpcTh
Opojuiia koje mocenyjy. Ilorpomaun koju ce mocMarpajy Hanase ce Ha TEpUTOPHUjH Irpaaa YKula y neproay of
YETHUPH FOJTUHE ¥ 0CaM MECEIH B 00CIICKEHH Cy Kao ToMaMHCTBA KOja MoCceayjy jeqHOTapru(HO HITH ABOTApUBHO
opojuio. Cer mosjaTaka 00yxBaTa IPEKO MIJIMOH MHCTAHIM (pa3IMuUTHX Mepema) 3a 21.643 motpomaya. [leo
nojaraxa, Taunuje 70% oj yMTaBOI ceTa MojarTaka, Hajupe je UCKOpuIIheHo 3a TPEeHUpamhe MPEKe YUjH je YIHHAK
HaKOH TOra MpoBepeH Haj npeoctanux 30% mnopaTaka Koju MPHIAAjy TECTCETY a KOjH Cy MOJENy JI0 mporeca
TecTHpama Onin Hermo3Hatu. Pesynraru he moka3atu 1a MokeMo OOYYIHTH MOJEN Ja Ha OBaj HAYHH [1aje TauHe
pe3ynTate ca 3a70BosbaBajyhom npennsHonthyon 91%.

KibyuHepeuu: BelTayke HEYPOHCKE Mpeke, mpeasubame MOTPOIImE €IeKTPUYHE EHEpruje, jeaHorapudHa
Opojuia, nBoTapudHa Opojria

PREDICTION OF ELECTRICITY CONSUMPTION USING
ARTIFICIAL NEURAL NETWORKS

Knezevi¢ Dragana, Blagojevi¢ Marija, Aleksandar Rankovic¢

Abstract: The research shows how the artificial neural networks can be used in order to predict the consumption
of electricity by small consumers classified into two categories according to the type of electric meters they have.
Observed consumers are located in the territory of the town of Uzice for a period of four years and eight months
and they are marked as households that have a single or two-tariff electric meter. The data set covers over one
million instances (various measurements) for 21,643 consumers. Part of the data, namely 70% of the entire data
set, was used to train the network whose performance was then checked against the remaining 30% of the data
belonging to the test set, which were unknown to the model until the testing process. The results will show that
the model can be trained to produce accurate results with satisfy accuracy of 91%.

Key words: artificial neural networks, power consumption prediction, single-rate electric meters, two-rate electric
meters

1. INTRODUCTION

The consumption of electricity is always actual and hot topic in the domain is possibility of
prediction. Life in these days cannot even be imagined without electricity. Most of human daily
activities are related to electricity. The prediction of electricity’ consumption could be valuable
for many interesting groups: users, EPS, different agencies which provide services close related
to knowledge about electricity’ consumption.

The main goal of research is related to determination of possibility of using artificial neural
networks in predicting electricity’ consumption. The research tasks include well known data
minign steps with the main one: artificial neural network model creation.

According to specific need of reserach authors defined input and output parameters and
methodology for achieving satisfyed accuracy.

There are many related research in the field. Wei et al. (2019) established prediction model
using feed forward neural network and extreme learning. The model predicts electricity
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consumption by an air-conditioning system. Zheng, Chen and Luo (2019) use prediction of
electricity consumption in order to support decision making process in home energy
management system. Chang, Zhang, Chen (2019) founded that electricity price prediction
depends on many factors and they propose hybrid model for prediction based on wavelet
transform and optimized LTSM neural network. Kim et al. (2019) predict electrical energy
consumption because of growing trends caused by rapid urbanization in China. For verification
of used neural network model Kim et al. (2019) used data of a shopping mall as a case study.
Zagrebina, Mokhov and Tsimbol (2019) used recurrent neural network in order to predict
electrical energy consumption. The authors used some additional input parameters comparing
to proposed research (meteorological factors and specificity of the industry in the district under
consideration). Rahman, Srikumar and Smith (2018) used recurrent neural network model to
make predictions of electricity consumptions. The applied model in commercial and residential
buildings. Some authors used time series prediction in order to get satisfy accuracy of model.
Kaur and Ahuja (2017) used ARIMA model to predict the electricity consumption in a health
care institution and to find the most suitable forecasting period in terms of monthly, bimonthly,
or quarterly time series. Knezevic and Blagojevic (2019) used the data for same city but for
other purpose of prediction: classification of electricity consumers based on two different
criteria: the type of the electric meter they possess and the zone they live in.Rankovic et al.
(2015) used Feed Forward Artificial Neural Networks (FF ANNSs) with backpropagation for
approximating the output active power of unmonitored elements.

Paper is organized as follows: after introduction section a brief methodology is presented.
Results and discussion give the neural network model and results of model testing. Then,
conclusion section is presented.

2. METHODOLOGY

In the research was used well known methodology which is related to data mining process.
This methodologyincludes following steps:

1. Collecting data: the first step in the process which is done in collaboration with EPS
Uzice. The authors collected data for the town of Uzice and the data set consist over
one million instances (various measurements) for 21,643 consumers.The target dataset
included the information about electricity consumers on the territory of the City of
UZzicefor a period of four years and eight months.

2. Data pre-processing: after selecting all collected data the next step is pre-processing
row data for further processing. In the research data set does not include incomplete or
inconsistent data.

3. Data transformation: the “transformation” step includesadjustmentof data set to specific
need according to desired format and data view.

4. Model creation: the step proposes artificial neural network model. In modelling of
artificial neural network, the input parameters were defined, number of hidden layers
and also output parameter.

5. Training and testing model: the model is trained with 70% of data and then is tested
with 30%.

6. Model interpretation: for interpreting the model the knowledge in the specific field is
required. In the research it is related to electricity consumption.
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3. RESULTS AND DISCUSSION
3.1. Neural network model

In order to successfully predict electricity consumption, the input parameters are defined as
following: zone consumers live in, type of the electric meter, period from-to, consumer, lower
tariff, higher tariff. The output parameter is consumption of electricity. The model is presented
in Figure 1.
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Figure 1. Neural network model

3.2. Neural network evaluation

First given data shows us results of testing the network on instances which isn’t used in
training process. The training process needed 10290 steps to all parameter in error function
were smaller than the threshold value, in this case 0.01.The estimated weights range from -47.8
to 0.08 (Figure 2).

error 0.897600350407
reached.threshold 0.009984981396
steps 10290.000000000000
Intercept.to.llayhidl -2.566953766423
ZONA.to.1llayhidl 0.018563430742
VRSTA_BROJILA.to.llayhidl 0.081604014353
PERIOD_OD.to.llayhidl -0.008748489796
PERIOD_DO.to.llayhidl 0.002639786062
POTROSAC.to.1llavhidl -0.002059354208
NIZA_TARIFA.to.l1llayhidl -8.033060176492
VISA_TARIFA.to.l1llayhidl -33.152456132027
Intercept.to.UKUPNA_POTROSNIA -2.366532398198

1layhid.1l.to.UKUPNA_POTROSNJA -47.794330236014

Figure 2. Results of neural network model
After creating the networkconfusion matrix was created. Because of big number of

instances, it is very complex, and shows all instances according to a classes created by model
(Figure 3). In big number of classes no instance is provided.
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Figure 3. Confusion matrix

Based on these data, the accuracy of this specific model was calculated and results are
given in Overall statistics(Figure 4). It shows very high accuracy 91% (Figure 3). The very
high accuracy tell usthat the classifier correctly predicted 91% consumption of electricity, but
more important is that the measure ,,No information rate“ are lower than accuracy.Very high
kappa value (87%) and very low value of P-value confirms us theat reliable results.

overall Sstatistics

Accuracy : 0.9166807
95% cI : (0.9157095, 0.9176442)
No Information Rate : 0.4386994

P-value [Acc > NIR] < 0.00000000000000022204

0.8737474
NA

Kappa
Mcnemar's Test P-value

Figure 4. Neural network result

Statistics by each class are also given in log file. Statistics by class shows all the classes
with sensitivity, specificity, positive and negative predicted value for each class (Figure 5). The
classes marked "NA" are those in which the model did not predict any instance so statistic value
couldn’t be calculated.

Statistics by Class:

Class: 0.01 class: O cClass: 0.02 cClass: 0.03 cClass: 0.04 cClass: 0.05 class: 0.06 cClass: 0.07
Sensitivity 0.8801848 0.9652015 0.9806651 0.92068539  0.71055106 0.572745227 0.586333130 0.586251621
specificity 0.9762964 0.9631909 0.9633736  0.99282772  0.99571876  0.997855779 0.999504688  0.999968133
Pos Pred value 0.9668199 0.9409773 0.7697115 0.82736725 0.74049392 0.722591362 0.861111111 0.978354978
Neg Pred value 0.9121566 0.9785064 0.9975009 0.99702623 0.99502700 0.995841943 0.997837024  0.998984435
Prevalence 0.4396849 0.3781062 0.1109790 0.03599165 0.01690228 0.009657536 0.005210237  0.002450941
Detection Rate 0.3870040 0.3649487 0.1088332 0.03313698 0.01200993 0.005531308 0.003054935 0.001436868
Detection Prevalence 0.4002855 0.3878400 0.1413948 0.04005112 0.01621881 0.007654821 0.003547666 0.001468658
Balanced Accuracy 0.9282406 0.9641962 0.9720194 0.95675656  0.85313491 0.785300503 0.792918909  0.793109877
Class: 0.1 cClass: 0.09 class: 0.08 class: 0.11 Class: 0.2 Class: 0.17
Sensitivity NA 0.00000000000 0.2100000000 NA NA NA
specificity 0.9998378755 0.99972659615 0.9994781607 0.9998601279 0.999993642175 0.999990463263
Pos Pred value NA 0.00000000000 0.2775330396 NA NA NA
Neg Pred value NA 0.99993640437 0.9992460537 NA NA NA
Prevalence 0.0000000000 0.00006357825 0.0009536737 0.0000000000 0.000000000000 0.000000000000
Detection Rate 0.0000000000 0.00000000000 0.0002002715 0.0000000000 0.000000000000 0.000000000000
Detection Prevalence 0.0001621245 0.00027338646 0.0007216131 0.0001398721 0.000006357825 0.000009536737
Balanced Accuracy NA 0.49986329808 0.6047390804 NA NA NA
Class: 0.15 class: 0.12 class: 0.14 Class: 0.18 Class: 0.79 class: 0.13
Sensitivity NA NA NA NA NA NA
specificity 0.99998410544 0.99992052719 0.99996821088 0.999990463263 0.999996821088 0.99994595849
Pos Pred value NA NA NA NA NA NA
Neg Pred value NA NA NA NA NA NA
Prevalence 0.00000000000 0.00000000000 0.00000000000 0.000000000000 0.000000000000 0.00000000000
Detection Rate 0.00000000000 0.00000000000 0.00000000000 0.000000000000 0.000000000000 0.00000000000
Detection Prevalence 0.00001589456 0.00007947281 0.00003178912 0.000009536737 0.000003178912 0.00005404151
Balanced Accuracy NA NA NA NA NA NA
Class: 0.19 Class: 0.24 Class: 0.28 Class: 0.16 Class: 0.23
Sensitivity NA NA NA NA NA
Specificity 0.999993642175 0.999993642175 0.999996821088 0.99998728435 0.999996821088
Pos Pred value NA NA NA NA NA

Neg Pred value
Prevalence

Detection Rate
Detection Prevalence
Balanced Accuracy

NA
0.000000000000
0.000000000000
0.000006357825

NA

NA
0.000000000000
0.000000000000
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0.000000000
0.000000000
0.000003178

NA NA
000 0.00000000000
000 0.00000000000
912 0.00001271565

NA NA

NA|
0.000000000000
0.000000000000
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NA

Figure 5. Statistics by class
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4. CONCLUSION
According topresented results in can be conclude in the following ways:

o Artificial neural networks could be successfully applied in electricity consumption.
The error is relatively small so the results could be discussed as reliable;

e The insight in future results could effect on all target groups: EPS, consumers and
consumers in order to adjust the behaviour according to results.

Future work is related to applying cluster technique along with artificial neural network.
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