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Abstract
Electric load forecasting is an important aspect in electrical power 
industry. It is important to determine the future demand for power 
as far in advance as possible. According to the foreseen load, 
the company makes investments and decisions on buying energy 
from the generating companies, and planning for maintenance 
and expansion. It is therefore absolutely necessary to have 
some knowledge of future power consumption. Electric power 
distributors require a tool that allows them to predict the load 
in order to support its management and make more efficient its 
planning formulation. Accurate prediction of electric load is 
difficult. A large number of the classical prediction models are 
inappropriate for this modeling because of their requirement of 
linearity and seasonality. This paper presents an application of 
Artificial Neural Networks (ANN) and Support Vector Machines 
(SVM) to predict electric load. The results obtained using both the 
techniques are compared and the performance of SVM is found 
to be consistently better.
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I. Introduction
Electric load is one of the key variables for electric power companies 
[14], since it determines its main source of income, particularly 
in the case of distributors. According to the foreseen load, the 
company makes investments and takes decisions regarding 
planning, maintenance and expansion. It is therefore necessary to 
have some knowledge of future power load. Accurate prediction of 
electric load is difficult, because it is determined largely by variables 
that involve “uncertainty” and whose relation with the final load 
is not deduced directly [18-19]. The load is also characterized 
as a nonlinear and non stationary process that can undergo rapid 
changes due to weather, seasonal and macroeconomic variations. A 
large number of the classical prediction models are inappropriate 
for this modeling because of their requirement of linearity and 
seasonality [10]. Neural network techniques have the potential 
to handle complex, nonlinear problems in a better way when 
compared to traditional techniques. Support vector regression 
is different from conventional regression techniques because it 
uses Structural Risk Minimization (SRM) but not Empirical Risk 
Minimization (ERM) induction principle which is equivalent to 
minimizing an upper bound on the generalization error and not the 
training error. Due to this feature it is expected to perform better 
than conventional techniques which may suffer from possible over 
fitting. To solve this forecasting problem various neural network 
and support vector machine models were analyzed and applied to 
a real world dataset provided in the web by the EIA department 
of America for the state of Alaska [20].

A. Long Term Load Forecasting
Long term load forecasting forecasts within the interval range of 
one year or more than that. The factors that affect long term load 
forecasting are previous years’ load. The forecasting procedure 

depends on the manner in which historical time series data is 
analyzed and on the type of information available at the time the 
forecast is prepared. Various techniques have been applied to 
the problem of Long term load prediction. To implement Long 
term load forecasting there are traditional models. The main 
tradition models are employed such as Regression model, Gray 
forecast model and Combination model. During recent decades, 
numerous intelligent methods have been proposed to improve the 
load forecasting accuracy, such as expert system Fuzzy inference, 
Particle Swarm Optimisation (PSO), Artificial Neural Networks 
(ANN) and Support Vector Machine (SVM).

II. Artificial Neural Network
Artificial Neural Network (ANN) is a machine learning approach 
inspired by the way in which the brain performs a particular 
learning task [1, 17]. ANNs are modeled on human brain and 
consists of a number of artificial neurons. Neuron in ANNs tend 
to have fewer connections than biological neurons. Each neuron 
in ANN receives a number of inputs. A function called activation 
function is applied to these inputs which results in activation level 
of neuron. Three different classes of network architectures:    
Single-layer feed-forward, Multi-layer feed-forward, Recurrent.

A. Multi Layer Perceptron
Multi Layer Perceptron network is a class of neural networks 
which consists of a set of sensory units that constitute the input 
layer and one or more hidden layers of computation nodes and 
an output layer of computation nodes. A non linear activation 
function namely sigmoid function is widely used to generate 
output activation in the computation nodes. In general MLPs are 
trained with the back propagation algorithm to develop successful 
classification and regression systems.

B. Back Propagation Algorithm
A Back propagation network consists of at least three layers of 
units:

An input layer,1. 
At least one intermediate hidden layer, and2. 
An output layer.3. 

Typically, units are connected in a feed-forward fashion with 
input units fully connected to units in the hidden layer and hidden 
units fully connected to units in the output layer. When a back-
propagation network is cycled, an input pattern is propagated 
forward to the output units through the intervening input-to-hidden 
and hidden-to-output weights. The output of back-propagation is 
interpreted as a classification decision. With Back –propagation 
networks, learning occurs during a training phase. The steps 
followed during learning are:
Each input pattern in a training set is applied to the input units 
and then propagated forward.
The pattern of activation arriving at the output layer is compared 
with the correct (associated) output pattern to calculate an error 
signal.
The error signal for each such target output pattern is then back-
propagated from the outputs to the inputs in order to appropriately 
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adjust the weights in each layer of the network. After a back 
propagation network has learned the correct classification for a 
set of inputs, it can be tested on a second set of inputs to see how 
well it classifies untrained patterns.

III. Support Vector Machines
Support Vector Machines (SVM) is a recent development that 
serves as an alternative technique for dealing with complex 
classification and regression problems [11-12]. Support Vector 
Machine algorithm was developed by Vapnik and is based on 
statistical learning theory. The basic idea of Support Vector 
Machines is to map the original data X into a feature space F 
with high dimensionality through a non linear mapping function 
and construct an optimal hyperplane in new space [5]. SVM 
can be applied to both classification and regression. In the case 
of classification, an optimal hyperplane is found that separates 
the data into two classes. Whereas in the case of regression a 
hyperplane is to be constructed that lies close to as many points 
as possible [16].

A. Support Vector Regression
Regression is the problem of estimating a function based on a 
given dataset. Consider a dataset 1{( , )}N

i i iG x d == , where, ix  is 
the input vector, id  is the desired result and N  corresponds to the 
size of the dataset. The general form of Support Vector Regression 
[3-4], estimating function is

     (1)
where,  represent input feature, w and b are the co-efficients  
that have to be estimated from data. A parameter  represents the 
deviation between the actual values and the regression function 
which can be treated as a tube around the regression function. 
Points outside the tube are considered as training errors. By 
minimizing the regularized risk function represented by Equation 
(2), the coefficients w and b are determined.
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where, C  and   are user determined parameters. The term 
( , )i iL d Fe  is the  -insensitive loss function and the term 21 || ||

2
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used as measurement of the function flatness. C  is a regularized 
constant determining the trade-off between the training error 
and the model flatness. Two positive slack variables iξ  and i

∗ξ
, represent the distance from actual values to the corresponding 
boundary values of the  - tube. The two slack variables are zero 
when the data points fall within the  - tube. After introducing the 
slack variables the risk function can be expressed in the following 
constrained form:
minimize 
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This constrained Optimisation problem is solved using the 
following primal Lagrangian form:
minimize

  (5)
the term   is included to ensure that the optimality 
constraints on the Lagrange multipliers  and  assume 
variable forms.
Equation (5) is minimized with respect to primal variables w, b, iξ  
and i

∗ξ  and is maximized with respect to nonnegative Lagrangian 
multipliers  , ,   and  . Finally , Karush – Kuhn – Tucker 
conditions are applied to Equation (4) and the dual Lagrangian 
form represented by
maximize
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The Lagrange multipliers in Equation (6) satisfy the equality 

.The Lagrangian multipliers  and  are calculated 
and the optimal desired weight vector of the regression hyperplane 
is expressed as

    (7)
Therefore the regression function is

   (8)
where, ( , )i jK x x  is the kernel function whose value is equal to 
the inner product of two vectors, ix  and jx , in the feature space 

and .
For a nonlinear regression problem, the data are mapped to a 
high-dimensional feature space. The kernel function can simply 
involve the use of a mapping. Any function that satisfies Mercer’s 
theorem can be used as a kernel function. Some of the functions 
that satisfy this condition are shown in Table 1.

Table 1: Some of the kernel functions that satisfy Mercer’s 
Theorem.

Kernel Function Comment

Polynomial [1 ( . )]p
iX X+

Power p is 
specified by the 
user

RBF
2

2

1exp( || || )
2 iX X− −
σ

The width 2σ is 
specified by the 
user

SVM is fast, accurate and less prone to over fitting than other 
methods. It can handle high dimensional data efficiently. SVMs 
have been applied successfully in applications that deal with 
numerical attributes. They are applied successfully to handwritten 
character recognition, object recognition, speaker identification 
etc. The success of the model depends on proper setting of the 
parameters [6-7].

IV. Methodology
The real world datasets are highly susceptible to noisy and missing 
data. The data can be preprocessed to improve the quality of 
data and thereby improve the prediction results. In this work data 
transformation has been applied to the data. Data transformation 



IJCST Vol. 3, ISSue 1, Jan. - MarCh 2012 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m268    InternatIonal Journal of Computer SCIenCe and teChnology 

improves the accuracy, speed and efficiency of the algorithms used. 
The data is normalized using Z-score normalization [9], where, 
the values of an attribute, A, are normalized based on the mean 
(Ā) and standard deviation (σA) of A. The normalized value 
V’ of V can be obtained as
V’ = (V - Ā)/σA
In this work electric load consumption is forecasted based on 
the historical time series data. The available data is divided into 
training, validation and test sets. Training set is used to build the 
model, validation set is used for parameter Optimisation and test 
set is used to evaluate the model. Separate models are developed 
using SVM and MLP trained with back propagation algorithm. 
A non linear support vector regression method is used to train 
the SVM. A kernel function must be selected from the functions 
that satisfy Mercer’s theorem. Polynomial kernel is adopted in 
this study. The polynomial kernel function requires setting of 
the parameter p in addition to the regular parameters C and 
. As there are no general rules to determine the free parameters 
the optimum values are set by grid search method [2, 8, 13]. 
The search is performed to identify the best combination of 
parameters. After experimentation it has been observed that the 
model with parameters C=1, =0.001, p =2 gives the least error. 
Back propagation algorithm is used to develop the MLP model. 
Several models [15], have been developed and tested, and finally 
the best model is identified based on the mean absolute error which 
is considered as performance measure in this work. The sigmoid 
activation function is used in the models. 

V. Results and Discussion
Electric load is predicted using both neural networks and support 
vector machines. The errors in both the models is presented 
below

Table 2: Comparison of NN and SVM
Model Mean Absolute Error
Neural Networks 0.1088
Support Vector Machines 0.0916

From the table it can be observed that SVM’s give a better 
performance than Neural Networks.
Fig. 1 and fig. 2, show the performance of both the models on 
the test set.

Fig. 1:Actual and predicted values using SVM model

Fig. 2: Actual and predicted values using NN model

VI. Conclusion
An application of support vector regression and multi layer 
perceptron neural networks for electric load forecasting is 
presented in this paper. The performance of SVM was compared 
with MLP for various models. The results obtained show that SVM 
performs better than neural networks trained with back propagation 
algorithm. It was also observed that parameter selection in the 
case of SVM has a significant effect on the performance of the 
model. It can be concluded that through proper selection of the 
parameters, Support Vector Machines can replace some of the 
neural network based models for electric load forecasting. 
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