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Abstract: Along other methods, Intelligent Methods can be used in order to model the trend of
changes of a certain variable. These methods require data to be preprocessed before being used in the
forecasting process. Generally, the preprocessing step includes omitting outliers, assessment of the
missing data, data smoothing, etc. In this paper, the effect of various smoothing methods on the final
forecasted results is studied. Furthermore, data from the electricity consumption in Iran over the past
20 years were used as actual data. After being smoothed, these data are then incorporated into an
Artificial Neural Network in order to forecast the electrical consumption. The comparisons between
several Seasonal Decomposition, including Seasonal Adjustment Series (SAS) and Seasonal Trend
Cycle (STC), Exponential Smoothing (Simple, Linear, Holt and Winter) and Box- Jenkins (Moving
Average, Auto Regression, and Auto Regression Integrated Moving Average) methods show the
superiority of SAS in Decomposition categorization over other methods. The structure of this study
may be used for other data sets for improvement of data pre-processing.
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INTRODUCTION

It is a difficult task to forecast the electrical consumption due to its various seasonal and monthly changes.
Electrical consumption represents two important attributes: on one hand, it shows monthly and seasonal changes
and on the other hand it shows an increasing trend (Fig. 1).

Fig. 1: The electricity consumption trend in a period of 132 months.
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Several methods are used in order to solve forecasting problems. Forecasting methods can be categorized
into two main groups: statistical methods and artificial intelligence methods. In statistical methods, after training
the historical data, an equation is used to present the relationship between load and its corresponding factors.
While, in artificial intelligence methods, human way of thinking and reasoning is copied. Artificial intelligence-
based algorithms have been introduced based on expert system, evolutionary programming, fuzzy system,
artificial neural network, and a combination of these algorithms. Statistical methods such as regression models
(Taylor and Buizza, 2003; Goia et al., 2010), Box Jenkins model (Abraham and Nath, 2001), exponential
smoothing (Huang et al., 2002) and Kalman filters (Park et al., 1991) cannot represent the complex nonlinear
relationships among factors. Therefore, Artificial Intelligence-based algorithms are being widely used recently.
Neural Network has come to occupy a prominent place in forecasting problems, as well as regression and time
series methods. Neural Networks are suitable for modeling problems with unknown factors. ANN have been
successfully used for short term load forecasting (Villalba and Bel, 2000; Senjyu et al., 2004; kandil et al.,
2006; Vahidinasab et al., 2008). Kandil et al. (2006) demonstrated ANN capabilities in load forecasting without
the use of load history as an input. Xiao et al. (2009) presented an approach of back propagation neural
network with rough set (RSBP) for complicated Short-term load forecasting with dynamic and non-linear
factors to develop the accuracy of predictions. Through attribute reduction based on variable precision with
rough set, the influence of noise data and weak interdependency data to BP is avoided; therefore, the time
taken for training is decreased. Ghiassi et al. (2006) presented the development of a dynamic artificial neural
network model (DAN2) for medium term electrical load forecasting. Yearly and seasonal model were presented
that used past monthly system loads to forecast future electrical demands, and both of them produce mean
absolute percent error (MAPE) values below 1%, demonstrating the effectiveness of DAN2 in forecasting
medium term loads.

The objective of this paper is to find an appropriate smoothing method to be used with the Neural
Network. Furthermore, different preprocessing methods are used for smoothing and normalizing the input data
in order to acquire more accurate output data. Azadeh et al. (2007) tried to preprocess the data to get a better
output. Moving average method was considered and utilized in order to eliminate the trend of data. Azadeh
et al. (2008) used time series-based model to study the impact of data preprocessing and post-processing on
the performance of a fuzzy system. Zhang and Qi (2005) studied the effectiveness of data preprocessing,
including deseasonalization and detrending, on neural network modeling and forecasting performance. It is
founded that neural networks are not able to capture seasonal or trend variations effectively with the
unpreprocessed raw data. Moreover, it is founded that detrending or deseasonalization can dramatically reduce
forecasting errors. Cannas et al. (2006) investigated the effects of data preprocessing on model performance
using continuous and discrete wavelet transforms and data partitioning. The results showed that networks
trained with preprocessed data perform better than networks trained with undecomposed, noisy raw signals.
To the best of our knowledge, no comprehensive preprocessing method has been applied before using ANN
for the forecasting.

The remainder of the paper is organized as follows: in section two, the Artificial Neural Network is
reviewed. Section three presents different data preprocessing methods. Error calculation methods are introduced
in section four. In section five, the computational results of different methods are compared with each other,
and finally conclusions are presented in section six.

2. The Neural Network:
Simply defined, ANNs are mathematical techniques designed to deal with different problems. The research

in the field has a history of several decades, but the interest started to grow in the early 1980s. Today, Neural
Networks can be configured in various arrangements to perform a range of tasks including pattern recognition,
data mining, classification, forecasting and process modeling. ANNs are composed of attributes that lead to
perfect solutions in applications where we need to learn a linear or nonlinear mapping. Some of these attributes
are learning ability, generalization, parallel processing, and error endurance. These attributes would enable
ANNs to solve complex problem methods precisely and flexibly. ANNs consist of an inter-connection number
of neurons. There are many varieties of connections under study; however, here we will discuss only one type
of network which is called Multi Layer Perception (MLP) network. In this network, the data flow forward to
the output continuously without any feedback. Fig. 2 shows a typical three-layer feed forward model used for
forecasting purposes. The input nodes are the previous lagged observations, while the output provides the
forecast for the future value. In order to process the information received by the input nodes, hidden nodes
with appropriate nonlinear transfer functions are used. The model can be written as
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Fig. 2: A three layer MLP network.
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of arcs leading from the bias terms which have  values always equal to 1. Note that Eq. (1) which indicates
a linear transfer funtion is employed in the output node as desired for forecasting problems. The MLP’s most
popular learning rule is the error back propagation algorithm.

The ANN models are researched in connection with many power system applications. Most of the
employed models use MLP networks. The attraction of MLP has been explained by the ability of the network
to learn complex relationships between input and output patterns, which would be difficult to model using
conventional algorithmic methods. There are three steps in solving an ANN problem: (1) training, (2)
generalization, and (3) implementation. Training is a process that is learnt by the network to recognize the
present pattern from input data set. We present the network with training examples, which consist of a pattern
of activities for the input units together with the desired pattern of activities for the output units. For this
reason, each ANN uses a set of training rules that define training method. Generalization or testing evaluates
network ability in order to extract a feasible solution when the inputs are unknown to network and are not
trained to network. We determine how closely the actual output of the network matches the desired output in
new situations. In the learning process, the values of interconnection weights are adjusted so that the network
produces a better approximation of the desired output. ANNs learn by example. They cannot be programmed
to perform a specific task. The examples must be selected carefully, otherwise useful time is wasted or even
worse the network might be functioning incorrectly. The disadvantage is that because the network finds out
how to solve the problem by itself and its operation can be unpredictable (Schalkoff, 2007).

The network presented in this paper consists of a 12-neuron input layer with a linear transfer function and
two hidden layers, with sigmoid function, in which there are 16 neurons in the first and 6 neurons in the
second layer. The output layer consists of only one neuron with linear transfer function. The learning method
of the model is a Back Propagation (BP), momentum, weight decay method.

3. Data Preprocessing Methods:
In this step, we attempt to preprocess data in order to get better outputs. Preprocessing methods can be

categorized as statistical, data mining, metahueristics methods, etc. While working with these techniques, it is
of tremendous importance to take into consideration the data post-processing, which enables us to convert the
forecasted results to real data. In the statistical methods presented in this paper, data can not be post-processed,
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thus, test data will be preprocessed as well as the data from the learning period, and then the network is
assessed.

Preprocessing in this paper is a two-stage process. First, eliminating the increasing trend of data, and
second, data normalizing. The main goal of this paper is to evaluate the different techniques of eliminating
the trend of data. Moving Average, Exponential Smoothing, Seasonal Decomposition, and Auto Regression are
discussed in this study.

3.1. Trend Eliminating Methods:
C Moving Average Method: In this method, the average of previous n data is subtracted from the original

data. In this paper a 12-month moving average is employed.
C Exponential Smoothing Method: This method was first introduced by C.C.Holt (1958) and was employed

to train unseasonal time series with no trend. However, the method can also be used for eliminating trend
and estimation of the seasonal changes of time series. In the exponential smoothing method, greater
weights are given the new data rather than the older data. The assigned weights decrease exponentially
for older data. This forecasting method includes Brown’s Simple Exponential Method, Brown’s Linear
Method, and Holt-Winters Smoothing Method.

C Seasonal Decomposition Method: In this method a set of data are decomposed into seasonal components.
This model includes a composed trend and cycle components and an error fraction.

C Auto Regression Method: Box-Jenkins forecasting method includes Moving Average MA(q) processes,
Auto Regression AR(p) process, Auto Regression Moving Average ARMA(pq) processes, Integrated
Models, and Auto Regression Integrated Moving Average ARIMA (P,O,q) process, in which P is the order
of Auto Regression, q is the order of MA, and d is the subtracted order.

3.1.1. Normalization:
In this step, the data must be normalized over the range [0, 1]. This is necessary for two reasons: First,

it is necessary to guarantee that all input data have been given the same weight. If the inputs of two neurons
lie in different ranges, then the neuron with the larger absolute scale will be favored during training. This is
because of the distance-based rules used in the algorithms. Second, the neurons’ transfer function, either as
a sigmoid function or a hyperbolic tangent (tanh) function, requires limited range of values over [0, 1].

Various normalizing methods are generally employed to this end. A common feature of these methods is
that an offset is deducted from the data items, after which it is converted over the desired range by means of
a scaling factor. The most commonly employed method for normalization involves linear mapping over a
specified range, whereby each value of a variable x is transformed as follows:
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In this study, due to using the sigmoid transfer function,       = 0.9 and       =  0.1maxx minx

4. Calculating the Estimated Error:
For calculating the estimated error, it is assumed that AT is the actual  value of  the variable at time t, 

and     is the estimated value obtained by a forecasting method. The error can be obtained by subtracting the At

estimated value from the actual value. Therefore, estimation error is calculated as follows:

   (3)et At At 

The estimation error can be used as a criterion for evaluating the accordance of the forecasting method
with the actual pattern of data. For example, when a method is capable of estimating the trend and seasonal
and periodic components of the time series, the estimation error reflects the irregular component.

Total sum of errors in a forecasting method in which n periodic sets are observed, is equal to:
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Due to probabilistic nature of the estimation error, Absolute Error is used in order prevent positive and

negative errors from canceling each other out.
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   (5)AE AT AT 

Mean Absolute Deviation is an error statistics that averages the absolute difference between each pair of
actual and fitted forecast data points. Thus, MAD is calculated as follows:
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Mean Squared Error also keeps positive and negative errors from canceling each other. MSE is an absolute
error measure that squares the errors and can be calculated as follows:
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In some cases, especially when the cost of the forecast error is more closely related to the percentage error
than the numerical size of the error, calculating the forecast error as an average percent error of the historical
data points is most appropriate. MAPE is a relative error statistic measure as an average percent error of the
historical data points and is obtained as follows:
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In this paper, MAPE is used for calculating the forecast error.

5. Computational Results:
In this section, the results of using different preprocessing methods on data and estimated methods from

the 13th to 120th months are used. This is due to the reason that data of the first 12 months is not available
in the Moving Average Method and in some methods, including Seasonal Decomposition, these data contain
considerable error. Data of the last 12 months are used to test the network.

Figure (3) demonstrates the data after being smoothed and before being normalized. The unsuitability of
the data from the first 12 months can be easily seen in the figure 2.

Fig. 3: Trend of changes after processing with each smoothing method.
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Now results of smoothing and preprocessing methods are shown in figure 4-12:

Fig. 4: Smoothed and normalized data from Moving Average Method.

Fig. 5: Smoothed and normalized data from Auto Regression Method.

After smoothing and normalizing the data using the above nine methods, the designed Artificial Neural
Networks are trained by the first 108 record and then data of the last 12 months are estimated. The error is
calculated by Mean Absolute Percentage Error (MAPE) method. Table 1 presents the results associated with
each method.
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Fig. 6: Smoothed and normalized data from the Auto Regression Integrated Moving Average (ARIMA) with
parameters (0, 12, 2).

Fig. 7: Smoothed and normalized data from Brown Simple Exponential Method.

According to the table, the SAS Seasonal Decomposition Method yields to the smallest value of estimation
error. Winter Exponential Smoothing and the STC Seasonal Decomposition methods take the second and third
place regarding the smallest estimation error value, respectively. The rest of methods according to the least
value of estimation error can be ordered as follows: Holt Exponential Smoothing, Moving Average, Auto
Regression, Linear Exponential Smoothing, ARIMA, and Simple Exponential Smoothing.

6. Conclusion:
Intelligent methods can be used in order to model the trend of change of a certain variable which require

data preprocessing before using in the forecasting process. In this paper  the  effects of  various smoothing 
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Fig. 8: Smoothed and normalized data from Brown Linear Exponential Method.

Fig. 9: Smoothed and normalized data from Holt Exponential Method.
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Fig. 10: Smoothed and normalized data from Holt-winter Exponential Method.

Fig. 11: Smoothed and normalized data from SAS Seasonal Decomposition Method.

methods have been studied using electricity consumption data in Iran from the past 20 years. After smoothing,
an integrated ANN has been used in order to forecast the electrical consumption. Results showed that Seasonal
Decomposition Method and Exponential Smoothing have resulted in the smallest values of error using the Holt
and Holt-Winters Techniques. Along these methods, Box- Jenkins methods result in small values of error.
Finally, Table 2 compares the features of the proposed approach with previous researches. As it can be seen,
in most of the previous researches, a robust relative error estimation method was used. While, most of the
previous approaches are capable of handling complex and non-linear relationships, only a few of them are able
to handle corrupted data. The distinctive feature of the proposed approach is that it is the first research in
which the effect of comprehensive preprocessing methods on the forecasting results of ANN is considered.
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Fig. 12: Smoothed and normalized data from STC Seasonal Decomposition Method.

Table 1: Ppreprocessing methods results
Box-Jenkins Exponential Smoothing Seasonal Decomposition
---------------------------------------------------- ------------------------------------------------------------------ ------------------------------
Moving Auto ARIMA Simple Linear Holt Winter STC SAS
Average Regression
(MA) (AR)

1 0.064 0.023 0.143 1.216 0.139 0.007 0.160 0.006 0.029
2 0.130 0.124 1.762 5.080 0.223 0.108 0.030 0.301 0.021
3 0.132 0.076 0.281 2.409 0.051 0.093 0.003 0.098 0.039
4 0.016 0.042 0.100 16.523 0.051 0.010 0.008 0.003 0.001
5 0.018 0.050 0.098 0.083 0.014 0.016 0.002 0.011 0.017
6 0.030 0.058 0.038 2.853 0.069 0.051 0.018 0.060 0.008
7 0.139 0.285 0.396 3.088 0.116 0.139 0.066 0.090 0.034
8 0.021 0.377 0.538 0.036 0.204 0.116 0.038 0.012 0.021
9 0.090 0.130 0.987 75.899 0.318 0.099 0.011 0.114 0.001
10 0.222 0.015 0.030 6.770 0.075 0.183 0.039 0.025 0.029
11 0.064 0.004 0.146 7.564 0.126 0.031 0.077 0.067 0.007
12 0.272 0.163 0.122 12.224 0.084 0.179 0.170 0.223 0.021
MAPE 0.100 0.112 0.387 11.145 0.123 0.086 0.052 0.084 0.019

Table 2: The features of this study versus other methods
Feature Comprehensive Handle Robust relative Handling Intelligent
Method preprocessing complex and error estimation corrupted modeling and

non-linear method (MAPE) data forecasting
relationships

The proposed approach % % % % %
Taylor and Buizza(2003) % %
Cheng and Wei(2009) % % %
Azadeh et al. (2007) % % % %
Zhang and Qi (2005) % % %
Cannas et al. (2006) % %
Yang and Stenzel(2006) %
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