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ABSTRACT 

 Short term load forecasting is a key issue in operating of electricity system. Many operating decisions are based on 

load forecast such as: dispatch scheduling of generating production, reliability and security analysis and maintenance plan 

for generators. Artificial neural networks (ANNs) have frequently been proposed for short-term load forecasting (STLF), 

because of their capabilities for nonlinear modelling of large multivariate datasets. This paper present a short-term load 

forecasting strategies based on ANN with multi-layer perceptron (MLP) structure and Levenberg–Marquardt (LM) 

learning algorithm. Also, impact of wavelet transform (WT) in prediction accuracy is studied. Proposed method is 

implemented in real case study of Zanjan power system. 
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INTRODUCTION 

Load forecasting plays an important role in electric utility. The operator of the system is responsible for the hourly 

scheduling of the generators, and aims for foremost at balancing power production and demand. Electricity load 

forecasting is thus an important topic, since accurate forecasts can avoid wasting energy and prevent system failure. Bunn 

and Farmer (Bunn, 2000). demonstrate the importance of good forecasts for the operation of electric systems by noting 

that, in 1984, a 1% increase in the forecasting error would cause an increase of £10 M in the operating costs per year in the 

UK. 

For STLF, forecast step is often one hour or afraction of hour and forecast horizon is limited to one week ahead 

although its usual horizon is the next day (Simon, 1999; Amjady, 2001). Various STLF methods have been proposed in the 

last decades. Early methods included exponential smoothing (Amjady, 2007), regression (Papalexopoulos and Hesterberg, 

1990), Box-Jenkins models (Meslier, 1978), and the time-series techniques (Irisarri et al., 1982). Artificial intelligence 

(AI)-based methods such as pattern recognition (Dehdashti et al., 1982), expert system techniques (Rahman and Hazim, 

1993), fuzzy time series (Mamlook et al., 2009), neural networks (NN) (Irisarri et al., 1982; Hippert et al., 2001). 

Artificial Neural networks (ANNs) have frequently been proposed for short-term load forecasting (STLF), 

because of their capabilities for nonlinear modelling of large multivariate datasets. The family of ANNs models known as 

multilayer perceptions (MLPs) are probably the most frequently used, since they have been shown to be universal 

approximations of functions (Simon, 1999), and can be used to model the function that relates the electric load to its 

exogenous variables. 

Another useful technique for STLF, proposed in the recent years, is wavelet decomposition (WT). A certain 

regularity of the data is an important precondition for the successful application of NNs (Reis and da Silva, 2005). 

In this paper, we are used WT and NN with multi-layer perceptron (MLP) structure and Levenberg–Marquardt 

(LM) learning algorithm for STLF. For the sake of testing proposed method, Zanjan real case data is used. 
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Remaining part of the paper is organized as follows. Proposed STLF (ANNs and WT) is presented in section two. 

In section 3, numerical results are presented. And this paper is concluded in section 5. 

PROPOSED FORECAST METHOD 

Artificial Neural Network 

Artificial neural network (ANN) is a computer data processing system that simulates the performance of human 

brain, which is comprised of billions of interconnected cells named neurons (Julier and Uhlmann, 2004). Generally, the 

ANN architecture can be divided into three parts: input layer, hidden layers, and the output layer.  

 
 

Figure 1: ANN Structure 

It is claimed that the multi-layer perceptron (MLP) network is capable to numerically approximate any continuous 

function to the desired accuracy (Simon, 1999). Levenberg-Marquardt (LM) learning algorithm is used to train ANN. LM 

training algorithm is the one of the most efficient learning mechanism for the prediction (Amjady and Keynia, 2009). The 

LM method trains a NN 10-100 times faster than the gradient descent back propagation (GDBP) algorithm (Amjady, 

2007)[19]. Mathematical details of the LM algorithm are discussed in (Hagan and Menhaj, 1994). In (Tsekouras et al., 

2006) Kolmogorov’s theorem express, a problem can be solved with MLP by using one hidden layer, provided it has the 

proper number of neurons. So, we are used one hidden layer in the MLP in structure of NN. Structure of MLP network 

shows in figure 1. 

Wavelet Transform 

WTs can be divided into two main categories: continuous wavelet-transform (CWT) and discrete wavelet-

transform (DWT). The continuous wavelet-transform W(m,n) of signal f(x) with respect to the mother wavelet Ψ(x) is as 

follow: 
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Where, m is the scale parameter, and n is the time-shift parameter. In above equation, the scale factor and time-

shift parameter controls the spread of the wavelet and determines its central position, respectively. The W(m,n) (translate 

coefficient), represents how well the original signal and translated/scaled mother wavelet match. Since the CWT needs to 

scale and translate mother wavelet continuously, substantial redundant information is generated. Therefore, in practical use 

instead of doing that, the mother wavelet can be scaled and translated using certain intervals usually based on powers of 

two (Tsekouras et al., 2006). This scheme is more efficient and easier to implement. It is known as the DWT and the 

accuracy of it is as good as CWT: 
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Where, T is the length of signal f(t), The scale factor and time-shift parameters are functions of the integer 

variables a and b (m=2
a
 , and n=a.2

a
) respectively. 

In this paper, a fast DWT based on the filters, e.g. decomposition low-pass, decomposition high-pass, 

reconstruction low-pass, reconstruction high-pass filters was developed by Mallat has been used (Mallat, 1989).After 

decomposition of the load time series each subseries (i.e. A3, D3, D2 and D1) is prepared in preprocessor. Multi resolution 

via Mallat’s algorithm is a procedure to decompose original load series to several subseries (approximations and details). 

An approximation is the part of low frequency and holds the general trend of the original signal, whereas a detail is the part 

of high frequency and shows most of the characteristics of influential factors that affect the load signal (Reis and da Silva, 

2005). Mathematical details of the Mallat’s algorithm can be found in (Mallat, 1989). Figure 2 shows successive 

decomposition of the approximations.  

 
 

Figure 2: Wavelet Decomposition, A and D Indicate Approximation and Detail, Respectively (f=A3+D3+D2+D1) 

The mother wavelet Db4 (Daubechies wavelet of order 4) is used in this paper to offers an tradeoff between wave-

length (for evaluation of local behavior of signal) and smoothness. Mathematical details of Db4 mother wavelet is 

discussed in (Shensa, 1992). Db2 and Db5 have been used for STLF in (Bashir and El-Hawary, 2009) and (Kim et al., 

2002), respectively. In (Reis and da Silva, 2005), author presented that tree level of decomposition in WT is the most 

promising choice for the STLF. Since tree level decomposition has described the load series in a more thorough and 

meaningful way than the other, we are used tree level decomposition. 

Feature Selection Technique 

One of the key issues for the success of STLF is a suitable selection of input variables (Amjady and Keynia, 

2009). In this paper, we are used from filtering technique to design of input vector. For the sake of best candidate selection, 
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a two stage filtering technique is used. First filter is removed irrelevant candidates and second one is removed redundant 

candidates. Correlation analysis has been used for feature selection in load, price and imbalance volume forecasting 

recently in (Reis and da Silva, 2005; Amjady and Keynia, 2009). Correlation analysis concept has been thoroughly 

discussed in (Santos et al., 2007). The correlation coefficient (e.g. corr(V,W))  between two random variables V and W 

with expected values   and  , and standard deviations   and   is defined as: 

[( )( )]cov( , )
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V W V W

E V WV W
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Where, E is the expected value operator and cov is the covariance. The correlation is defined only if both of the 

standard deviations are finite and both of them are nonzero. Absolute value of correlation coefficient between 0 and 1, 

indicate the degree of linear dependence between the variables. In firs filter, if the correlation coefficient between 

candidate variable and output of the NN (target) is greater than a pre-specified value c1 this variable retained for feature 

analysis. And in second filter, if correlation between any two variable is smaller than a pre-specified value c2, both 

variable are retained; else only variable with largest correlation with respect to the output is further retained. Since, less 

correlation between two variables results in more linear independency, the member of the retained variables contains the so 

more information. The final retained variables after the two stage feature selection compose the input vector of the 

forecaster. 

NUMERICAL RESULTS 

The proposed forecast method has been used to short-term load forecast of Zanjan power system. Load data for 

March 21, 2011 up to March 19, 2012 is given from Zanjan area’s electricity company. Four test weeks corresponding four 

season of the year 2011 from the Zanjan power system are considered. The four test weeks are June 1 to June 7, September 

1 to September 7, December 1 to December 7, and March 1 to March 7. Data for 30 previous days are selected to training 

NN. Results of the prediction for the four weeks are shown in figure 3 to figure 6.  In this figures, solid line curves shown 

actual load, dashed line corves shown prediction with wavelet transform, and dotted line curves shown prediction without 

wavelet transform.As seen in figure 3 to figure 6, wavelet based prediction curves can follows actual load more accurate 

than without WT. this is explain that WT is improved forecasting accuracy. 

The forecast accuracy is in term of mean absolute percentage error (MAPE). MAPE is defined as follows:  

1
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Where, N is the forecast horizon, LActual(k) is the actual load of hour k, and LForecasted(k) is the load forecast of hour 

 
Figure 3: Actual and Forecasted Load for Spring Week 
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Figure 4: Actual and Forecasted Load for Summer Week 

 

Figure 5: Actual and Forecasted Load for Fall Week 

 
Figure 6: Actual and Forecasted Load for Winter Week 

 

prediction error for both methods are shown in Table I. rows 2, 3, 4, and 5 of Table I are presented prediction 

error according to four seasons and last row shows average prediction error. In Table I, column 2 and 3 are presented 

prediction error by using WT and without WT, respectively. Also, column 4 of this Table presented improvement in 

prediction accuracy. 

Table 1: Prediction Error in Term of MAPE (%) 

 
Season WT-NN NN Improvement (%) 

Spring 1.4214 1.6078 11.56 

Summer 1.1387 1.7060 33.25 

Fall 1.7549 2.6310 33.30 

Winter 0.9491 1.5793 39.90 

Average 1.3160 1.8810 30.04 
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CONCLUSIONS 

Load forecasting plays an important role in power system operation. In this paper, an ANN base method is 

presented to short term load forecasting. Also impact of wavelet transform is discussed. ANN base method is implemented 

for Zanjan power system. Results shows that, implementation of WT is improved prediction accuracy up to 39.9 %. 

Improvement of WT for average the four seasons is equal 30.04.  

REFERENCES 

1. Amjady, N., (2001). Short-term hourly load forecasting using time-series modeling with peak load 

estimation capability. Power Systems, IEEE Transactions on 16, 498–505. 

2. Amjady, N., (2007). Short-term bus load forecasting of power systems by a new hybrid method. Power 

Systems, IEEE Transactions on 22, 333–341. 

3. Amjady, N., & Keynia, F., (2009). Short-term load forecasting of power systems by combination of 

wavelet transform and neuro-evolutionary algorithm. Energy 34, 46–57. 

4. Bashir, Z.A., & El-Hawary, M.E., (2009). Applying wavelets to short-term load forecasting using PSO-

based neural networks. Power Systems, IEEE Transactions on 24, 20–27. 

5. Bunn, D.W., (2000). Forecasting loads and prices in competitive power markets. Proceedings of the 

IEEE 88, 163–169. 

6. Dehdashti, A.S., & Tudor, J.R., & Smith, M.C., (1982). Forecasting of hourly load by pattern 

recognition a deterministic approach. Power Apparatus and Systems, IEEE Transactions on 3290–3294. 

7. Hagan, M.T., & Menhaj, M.B., (1994). Training feedforward networks with the Marquardt algorithm. 

Neural Networks, IEEE Transactions on 5, 989–993. 

8. Hippert, H.S., & Pedreira, C.E., & Souza, R.C., (2001). Neural networks for short-term load 

forecasting: A review and evaluation. Power Systems, IEEE Transactions on 16, 44–55. 

9. Irisarri, G.D., & Widergren, S.E., & Yehsakul, P.D., (1982). On-line load forecasting for energy control 

center application. Power Apparatus and Systems, IEEE Transactions on 71–78. 

10. Julier, S.J., & Uhlmann, J.K., (2004). Unscented filtering and nonlinear estimation. Proceedings of the 

IEEE 92, 401–422. 

11. Kim, C., Yu, I., & Song, Y.H., (2002). Kohonen neural network and wavelet transform based approach 

to short-term load forecasting. Electric Power Systems Research 63, 169–176. 

12. Mallat, S.G., (1989). A theory for multiresolution signal decomposition: the wavelet representation. 

Pattern Analysis and Machine Intelligence, IEEE Transactions on 11, 674–693. 

13. Mamlook, R., & Badran, O., & Abdulhadi, E., (2009). A fuzzy inference model for short-term load 

forecasting. Energy Policy 37, 1239–1248. 

14. Meslier, F., (1978). New advances in short term load forecasting using Box and Jenkins approach, in: 



Applying Wavelet to ANN Based Short-Term Load Forecasting: A Case Study of Zanjan Power System                                                        215 

Proceedings. pp. 51–55. 

15. Papalexopoulos, A.D., & Hesterberg, T.C., (1990). A regression-based approach to short-term system 

load forecasting. Power Systems, IEEE Transactions on 5, 1535–1547. 

16. Rahman, S., & Hazim, O., (1993). A generalized knowledge-based short-term load-forecasting 

technique. Power Systems, IEEE Transactions on 8, 508–514. 

17. Reis, A.J.R., & da Silva, A.P.A., (2005). Feature extraction via multiresolution analysis for short-term 

load forecasting. Power Systems, IEEE Transactions on 20, 189–198. 

18. Santos, P.J., & Martins, A.G., & Pires, A.J., (2007). Designing the input vector to ANN-based models 

for short-term load forecast in electricity distribution systems. International Journal of Electrical Power 

& Energy Systems 29, 338–347. 

19. Shensa, M.J., (1992). The discrete wavelet transform: wedding the a trous and Mallat algorithms. 

Signal Processing, IEEE Transactions on 40, 2464–2482. 

20. Simon, H., (1999). Neural networks: a comprehensive foundation. Prentice Hall. 

21. Tsekouras, G.J., & Hatziargyriou, N.D., & Dialynas, E.N., (2006). An optimized adaptive neural 

network for annual midterm energy forecasting. Power Systems, IEEE Transactions on 21, 385–391.





 


