PEAK LOAD PREDICTION IN THE POWER SYSTEM USING NEURAL NETWORKS

Stanisław Osowski1,2, Krzysztof Siwek1, Linh Tran Hoai1

1 Institute of Theory of Electrical Engineering and Electrical Measurements, Warsaw University of Technology, 1 p. Politechniki, 00-661 Warsaw, Poland, email: [sto][ksiwek][linh]@iem.pw.edu.pl, 

 2 Military University of Technology, 3 Kaliskiego str., Warsaw, Poland

Abstract: The paper presents the application of artificial neural networks for daily peak load prediction in the Polish Power  System. Two different approaches to the solution of the problem, based on application of neural networks will be presented. The first is based on  the application of the multilayer perceptron, and the second  - on the neuro-fuzzy TSK system. The results of numerical experiments, performed on the real data of the Polish Power System are presented and discussed.
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1. INTRODUCTION

The primary tasks of an electric utility is to predict the load requirements of the power system. Especially important is forecasting of the peak load, since it is the basis for the system state estimation  and for technical and economic calculations of the generation and distribution system.

The main problems in predicting the peak loads result from the random nature of the loads, diversification of the load shapes in different seasons of the year and different types of the days and uncertain information of the loads of the customers.

Various load forecasting techniques have been proposed and successfully applied to predict the different classes of power system load requirements. Methods based on time series analysis [5] like MA, ARMA, ARIMA, etc. exploit the inherent relationship between the present hour load and the previous past hour loads. The statistical methods based on strictly statistical relationships existing among the load patterns in the past, form another group of successful  approaches to the load forecasting. 

However the most promising seems to be the application of artificial intelligent methods and  neural networks [4,6,7]. In order to develop optimal decision variables (weights)  the neural network approaches establish nonlinear links between the input data and the expected forecasted patterns and apply the optimization methods for adjusting the proper values of the weights.

This paper is concerned with the prediction of the daily peak value of the load in the power system using artificial neural network approach. Two kinds of neural networks have been tried. One is relied on the application of classical multilayer perceptron, and the second on the application of neuro-fuzzy Takagi-Sugeno-Kang (TSK) network. The results of numerical experiments on the real data of the Polish Power System are presented and discussed in the paper. They confirm good accuracy of the neural network approaches to load forecasting. 

2. STATEMENT OF THE PROBLEM

The characteristics of the power consumption are strictly associated with the season of the year, type of the day (weekend or work day) and to some degree to the past history of the load in the power system.
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Fig. 1
 The typical distribution of the 24-hour load of the Power System for the work days (upper) and weekends (lower) corresponding to different seasons of the year

 The past history is especially important factor, since it accumulates the information of the weather conditions in the country. For the country like Poland the temperature is changing from place to place and its direct influence is difficult to consider.  Fig. 1 presents 

[image: image2.jpg]P [MW]

x10

Peak loads (all days 1997)

241

16

1.4r

1.2

i i i
50 100 150 200
days

i I i
250 300 350




.

Fig. 2 
The distribution of the daily peak loads of the Power System within one year

the typical distribution of the hourly loads in Polish Power System of one day corresponding to four different seasons of the year. The upper figure represents the work days and the lower one – the weekend days (dash line – winter, solid line – autumn, dash-dot line – spring and dot line – summer). It is seen that the peak value is changing with the season. The smallest one represents the summer day and the highest one – the winter. The hour of appearance of the peak is practically constant for the particular season and changes only slightly within the year.

Fig. 2 presents the distribution of the peak loads of the day within one year (1996) in the Polish Power System. As it is seen  the value of the peak may change greatly  from the day to day. At the same time the sinusoidal type trend is visible within the year. Fig. 3 a and b illustrate the difference of the peak load distribution corresponding to the work days and the weekends. 
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Fig. 3
 The distribution of the peak loads of the days of the Power System within one year: a) work days, b) weekends

As it is seen the trends are similar, however the values of the peak loads are different, and this difference is in the range of 20%. On the basis of the analysis of these curves it is possible to remove the trends first and then to make prediction of the residual loads of the peak values taking into account its value of the past few days, the average value of the last day load and considering the type of the day and the season of the year.

3. NEURAL PREDICTORS OF THE LOAD

3.1. Multilayer perceptron approach

Multilayer perceptron (MLP) belongs to the most often used neural network approaches to the load forecasting [4,6,7]. MLP performs there the role of universal approximator [1,2,3], modeling the complex relationships between the past load patterns and the predicted ones. In this way it represents the generally unknown function, mapping the past loads of the system into the present forecasted load. The function implemented by the MLP network represents in general form the future load pattern of the power system and can be presented here in the following form 
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where P(d) represents the peak load of dth day, 
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 - the mean load of the (d-1) day, w is the weight vector of the network, D - the number  of days, influencing the prediction process and  td - the type of the day (workday or holiday) and sy - the season of the year (autumn, winter, spring and summer). 

The neural network architecture associated with this mathematical model possesses certain number of input nodes (one or two to code the type of the day and the season of the year and some nodes to represent the loads of some past days) and 1 output linear neuron making prediction of the peak load for the next day. 

The number of hidden layers and hidden neurons of sigmoidal non-linearity are subject to adjustment in an experimental way by training different structures and choosing one of the smallest one, still satisfying the learning conditions.

On the basis of some numerical simulations we have found that optimal number of input nodes in our case is 10, which correspond to D=6. The number of hidden layers was equal two of the following number of sigmoidal neurons: 10 and 8. In this way the structure of the MLP network is described as  10-10-8-1. 

The MLP network has been trained  using the data of 1992-1996 without extracting the trend and then tested using both the learned data and the data of 1997 not taking part in learning. The quality of solution has been compared using following factors: the mean absolute percentage error (MAPE), the percentage maximum error (MAX), standard deviation (STD) of error (in MW) and percentage standard deviation related to mean of peak loads within the year. Table 1 presents the results of prediction using MLP approach.

Table 2 The results of testing the trained MLP neural network

	Year
	MAPE
	MAX
	Error [MW] (STD.)
	Ratio of std and mean of peaks

	1992
	1.53%
	12.03%
	238
	1.23%

	1993
	1.58%
	11.30%
	226
	1.27%

	1994
	1.50%
	14.04%
	261
	1.51%

	1995
	1.44%
	10.32%
	231
	1.31%

	1996
	1.42%
	11.81%
	240
	1.34%

	1997
	1.79%
	16.63%
	422
	2.35%


As it is seen the MAPE error did not exceed the value of  1.8% and standard deviation of error is also on the reasonable level. Only the maximal errors should be reduced to smaller values.

3.2. TSK neuro-fuzzy network approach

The fuzzy set [2] has been defined as the set without crisp boundary, where the transition between "belong to a set" and "not belong to a set" is gradual and is characterized by the membership functions in the range [0, 1]. Such assumption guarantees the flexibility in modeling. To the most popular types of membership functions used in neuro-fuzzy networks belong the generalized bell function 
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, in which the shape is controlled by three parameters: the center c, the width ( and the exponent coefficient b. The general fuzzy systems implement the fuzzy reasoning  and may be regarded as the universal approximators of the measured multi-input data[1,2].


The most often used neuro-fuzzy system is the TSK network implementing the following input-output function [1]
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where 
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 is the firing strength of ith rule of inference at the presentation of the input vector x and pij are the TSK parameters of the linear TSK functions. The adapted parameters of the network are the variables of the membership functions and the coefficients (linear weights) pij  for  i = 1, 2, ..., M and j = 0, 1, 2, ..., N (N – number of inputs, M – number of rules) of the linear TSK functions.  The structure corresponding to the above equation is called the TSK neuro-fuzzy network. In our solution it has been trained using the so called hybrid approach [1]  using numerical input-output data.

In this method of learning we take into account that the network is linear in the parameters pij, thus we can identify these variables by a linear least squares method, based on a singular value decomposition.  This is the first run of the learning stage. In the second run we apply the steepest descent method of minimization of the error function for the estimation of the nonlinear parameters of the membership functions. As a result in the hybrid learning each iteration is composed of a forward pass (SVD) and a backward one (steepest descent).


Solving the prediction problem of the peak load of the power system we have adopted approach similar to the case of MLP. However this time we have extracted the yearly trend of the time series, modeling it as the sinusoidal function 
[image: image9.wmf])

/

sin(

)

(

q

p

+

=

y

m

t

N

t

P

t

P

, where Ny is the number of days in the year and t means the particular day of the year. As a result the time series under prediction was the difference between the real load and the values representing the trend. In retrieval mode the trend function parameters  (Pm and 
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) have been estimated using the mean of the last three years (already known).

 The input variables to the neuro-fuzzy network have been chosen in similar way as in the case of MLP approach (few last peak values, type of the day and the season of the year). The number of fuzzy rules adjusted by using fuzzy competitive self-organization (c-means algorithm) was set to 9. 

The results of learning and testing the TSK network using the real data of Polish Power System of the years 1992 – 1997  have been presented in Table 2. The data of 1992-1996 have been used in learning and the data of 1997 only in testing of the trained network. The

Table 2 The results of testing the trained TSK neural network

	Year
	MAPE
	MAX
	Error [MW] (STD.)
	Ratio of std and mean of peaks

	1992
	1.43%
	7.55%
	208
	1.24%

	1993
	1.63%
	9.00%
	236
	1.37%

	1994
	1.60%
	16.04%
	295
	1.72%

	1995
	1.59%
	10.95%
	251
	1.43%

	1996
	1.61%
	13.03%
	288
	1.61%

	1997
	1.91%
	13.44%
	334
	1.85%


parameters of the trend function in the testing mode have been estimated using the mean of last three years (known) peak loads. Comparing the results of both experiments (MLP and TSK) we find the results close to each other. The neuro-fuzzy solution is characterized by  smaller variance of error and reduced values of maximal error.

4. CONCLUSIONS

The paper has been concerned with the problem of prediction of the daily peak load of the Polish Power System using artificial neural networks. Two neural solutions to the problem have been applied: the classical multilayer perceptron of the sigmoidal nonlinear neurons and the neuro-fuzzy TSK system  employing the principles of fuzzy reasoning. 


The results of numerical experiments, performed on the real data of the Polish Power System have confirmed good accuracy of the prediction. The overall MAPE error for the whole year did not exceed 2%, the maximum errors stay on the reasonable level and the variance of prediction error was also within the acceptable bonds.
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