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Abstract
The increasing importance of time series prediction in business, 
science and engineering has drawn the attention of researchers, 
engineers and scientists. In this paper, the focus is mainly on 
the prediction of the most volatile financial time series data i.e. 
electricity price. The prediction of electricity price is necessary for 
both power producers as well as power consumers to maximize 
their benefits and utilities respectively. In this study an efficient 
Fuzzy Neural Hybrid Model (FNHM) is proposed to predict 
electricity prices for one hour in advance. The proposed hybrid 
model is consisting of a trigonometric functional link artificial 
neural network (FLANN) and fuzzy logic system. The FNHM uses 
a functional link neural network to the consequent part of the fuzzy 
rules. The consequent part of the model is a non-linear combination 
of input variables. The most accepted back propagation (BP) 
learning algorithm is used to train the parameters of the model. 
Further, a stochastic derivative free evolutionary genetic algorithm 
(GA) is used to further optimize the parameters to achieve more 
prediction accuracy and overcome the drawback of BP algorithm. 
The prices of Poland electricity market are taken as experimental 
data. The Mean Absolute Percentage Error (MAPE) and Root 
Mean Square Error (RMSE) are used to find out the performance 
of the proposed model. The MAPE and RMSE are found to be 
less when compared to other neural model like FLANN.
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I. Introduction
Forecasting financial time series is a very important practical 
problem with a diverse range of applications from economic and 
business to signal processing and control. In this study, prediction 
of one most volatile financial time series data i.e. electricity price is 
taken into consideration. Markets are playing major roles in buying 
and selling electricity either through interconnected markets or 
bilateral contracts. This is an important issue in electricity market 
deregulation in many countries in the west. Market is playing 
bigger role in electricity production as well as in supply. This 
notion is gaining ground because market is understood to be more 
efficient and consumer friendly. In such competitive environment 
both producers and consumers rely on price forecast information 
to prepare their bidding strategy because in electricity market, 
producers submit selling bids consisting of energy blocks and 
their corresponding minimum selling prices to the market operator 
whereas consumer submits buying bids consisting of energy block 
and their corresponding maximum buying prices to the same 
operators. The function of market operator is to clear the market 
using an appropriate market clearing procedures that results in 
hourly energy prices and accepted selling and buying bids.
Forecasting electricity prices is more difficult as compared to 
demand forecasting because price data present such characteristics 
as non constant mean and variance with a significant amount 
of outliers. These complexities of electricity price underline 
the necessity for intelligent forecasting methods. During the 

last decade, both producers and consumers have come to rely 
upon various types of intelligent systems. Several intelligent 
connectionist methods and soft computing techniques have been 
developed for modeling the seemingly chaotic electricity market 
behavior.  Most of these models can broadly be divided into 
statistical models like ARMA and ARIMA  and soft computing 
based models like Artificial Neural Networks (ANN) and Fuzzy 
Set Theory [1-2]. 
Amongst the various ANN based methods, Radial basis Function 
Neural Network (RBF), Multilayered Perceptron Network 
(MLP) and Local Linear Wavelet Neural Network (LLWNN) 
[2-4], Functional Link Neural Network (FLANN) [5-9] are used 
extensively for price forecasting. In this paper, a new model: the 
combination of FLANN and Fuzzy Logic System [6,10] is used 
to forecast electricity prices one hour in advance. Fuzzy Logic 
System is famous for its precision and dealing with uncertainty; 
whereas neural network is known for learning, adaptation, fault 
tolerance, parallelism, and generalization. Both of them can 
simulate the thinking of a human being in a very exciting manner. 
So we can combine them to get advantages from both.
This paper is organized as follows. Section II gives definitional 
note of FLANN and the growth of the FNHM model. Section III 
deals with the learning algorithm used in this model and section IV 
gives performance of the model with the above dataset. In section 
V, model outputs are given and in section 6 results obtained from 
this model are analyzed. Finally section 7 gives the conclusion.

II. Model Description
In this paper Fuzzy Neural Hybrid Model (FNHM) [1,11] is used. 
It consists of Functional Link Artificial Neural Network (FLANN) 
and Fuzzy Logic systems. In subsection A and B of section 2, the 
structure of FLANN and FNHM are described respectively.

A. Functional Link Artificial Neural Network
Amongst the different ANN  tools: ( MLP , RBF, RNN ), MLP 
neural networks are mostly used by the researchers for its inherent 
capabilities to approximate any non-linear function to a high 
degree of accuracy. In spite of this, it has two major limitations 
1. Convergence speed is slow and 2. Computational complexity 
is higher. To overcome these two limitations, we prefer to use a 
different kind of ANN i.e. Functional Link Neural Network i.e. a 
single neuron and single layer architecture [7,9]. Pao, the pioneer 
of FLANN has shown that this network may be conveniently used 
for functional approximation and pattern classification with faster 
convergence rate and lesser computational load. In FLANN, each 
input of the network undergoes functional expansion through a 
set of basis functions. Here the functional link generates a set of 
linearly independent functions. The structure of FLANN is given 
in Fig. 1. The inputs expanded by a set of linearly independent 
functions in the functional expansion block cause an increase in 
input vector dimensionality. This helps FLANN to solve complex 
classification problems by generating non-linear boundaries [5, 
9].



IJCST Vol. 5, ISSue Spl - 2, Jan - MarCh 2014  ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m 128   InternatIonal Journal of Computer SCIenCe and teChnology

Fig. 1: Structure of FLANN

In this model the functional expansion block comprises of a set 
of trigonometric function.

)..............tanh(ˆ 2211110 nnj xwxwxwwy +++=
 (1)

where X=[x1, x2……………………..xn] is the input vector and 
Wj= [wj1,wj2…………..wjn] is the weight vector associated with 
Jth output of FLANN. W110 is the bios. jŷ  denotes the local output 
of FLANN structure and consequent part of jth fuzzy rule in 
FNHM model. 
The matrix of the local out put or ‘r’ dimensional linear out put 
may be given as 

[ ]ryyyy ˆ....................ˆ,ˆˆ 21=                (2)
where r denotes the number of functional link bases which equals 
the number of fuzzy rules in the FNHM model.

B. Fuzzy Neural Hybrid Model
FNHM model uses the nonlinear combination of input variables 
(FLANN). Each fuzzy rule corresponds to a sub-FLANN, 
comprising a functional link. In fig. 2, the structure of the proposed 
model is given. 
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Fig. 2: Structure of  FNHM

This model uses a fuzzy IF-THEN rule in the following form. 
Rule j:
IF x1 is A1j and x2 is A2i……………. and xi is Aji……….. and 
xN is ANj 

Then k

M

k
kji wy f∑

=

=
1

ˆ                                     (3)

where xi is the input and jŷ is the local output variables. Aji is the 
linguistic term of the precondition part with Gaussian membership 
function. N is the number of input variables. wkj is the link weight 
of the local output.  is the basis trigonometric function of input 
variables. M is the number of basis function and rule j is the jth 
fuzzy rule. Total five layers are present in FNHM model. The 
operations of nodes in each layer are described below.

1. Layer  1
No computations are required in Layer 1. Each node in this layer 
only transmits input values to the next layer.

( )
ii xO =1

                                                     (4)

2. Layer 2
Each fuzzy set Aij is described by a Gaussian membership 
function.

  (5)
where cij is the mean and is the variance.

3. Layer 3 
Layer 3 receives one dimensional membership degrees of the 
associated rule from the nodes of layer 2. Now the output function 
of each inference node is 

    (6)
where ijO∏  of a rule node represents the firing strength of its 
corresponding rule. 

4. Layer 4
Nodes in layer 4 are called consequent nodes. The input to a node 
in layer 4 is the output from layer 3 and the output collected from 
FLANN.

                                  (7)
where wkj is the link weight of FLANN and is the functional 
expansion of input variables. The output node in layer 5 acts as 
a defuzzifier which combines all the actions recommended by 
layer 3 and layer 4. 

    (8)
where  and  are the output of FLANN and and 
are the output of layer-3.

II. Learning Algorithm
Finally, a crisp value is obtained after passing through four 
stages: Fuzzification, Fuzzy Rule Base, Fuzzy Inference Engine 
and Defuzzification. This crisp value is considered as the model 
output. 

A. Backpropagation Learning Algorithm
This model uses a supervised learning algorithm i.e. Delta rule 
which is well known for its two pass weighted features. In a 
forward pass, an error is detected; the measured error is then 
propagated backward through the network while weights are 
adjusted to reduce the overall error. The learning process involves 
determining the minimum of a given error function. The error of 
the output neuron is 
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                    (9)

where 
d
ky  denotes target output and  is 

the calculated output of the proposed model.
 tanh(w11*x1+w21*x2+w31*x3+w41*x4+w51*x5+w61*x6

+w71*x7)       (10)   
 tanh(w12*x1+w22*x2+w32*x3+w42*x4+w52*x5+w62*x6

+w72*x7)       (11)
The weight vectors of the models are adjusted through the well 
known backpropagation learning algorithm such that the error 
defined in (9) is less than the desired threshold value after a number 
of training cycles.
In back propagation learning algorithm the weights are adjusted 
by

)()()1( twtwtw ∆+=+                                (12)

where 

where  is the learning rate.

B. Genetic Algorithm
To overcome two major limitations of back propagation learning 
algorithm, slowness in convergence speed and its inability to escape 
local optima, both the models (FLANN and FNHM) are combined 
with evolutionary algorithm i.e. Genetic Algorithm (GA). The 
parameters of the models are initialized as well as optimized by 
the above said algorithms separately for a comparative analysis.
In GA, the evolution starts from a population of completely random 
individuals and occur in generations. In each generation, the fitness 
of the whole population is evaluated; multiple individuals are 
stochastically selected from the current population (based on their 
fitness), and modified (mutated or recombined) to form a new 
population [12-16]. The new population is then used in the next 
iteration of the algorithm. 

1. Selection
Chromosomes are selected from the population to become parents 
to crossover. The problem is how to select these chromosomes. 
There are many methods to select the best chromosomes, such 
as, roulette wheel selection, Boltzman selection, tournament 
selection, rank selection, steady state selection and many others. 
Every method has some merits as well as some limitations. In this 
paper, Roulette wheel selection is used to select the chromosomes. 
Lastly, elitism is used to copy the best chromosome (or a few best 
chromosomes) to new population. Elitism helps in increasing the 
performance of GA, because it prevents losing the best found 
solution.

2. Crossover
Crossover selects genes from parent chromosomes and creates a 
new offspring. The simplest way to do this is to choose randomly 
some crossover point and interchange the value before and after 
that point. Crossover rate taken for the proposed model is given 
in Table 1.

3. Mutation
Mutation takes place after crossover. Mutation changes randomly 
the new offspring. For binary encoding, we can switch a few 
randomly chosen bits from 1 to 0 or 0 to 1. Mutation ensures 
genetic diversity within population. 
This entire process is continued until the convergence criterion 
is satisfied. The parameters used for all models with GA as the 
optimization algorithm are given in Table 1. 

Table 1: Parameters For Both Models
Parameters Values
Population size P 30
Maximum No. of generation G 200
Dimension or No. of variables D (FLANN) 9
Dimension or No. of variables  D(FNHM) 39
No. of consecutive generation for which no 
improvement is observed (FNHM)

18

Lower bound 0.0001
Upper  bound  1
Crossover rate 0.8
Mutation rate 0.08

IV. Study of Performance of FNHM
The experimental data are obtained from Poland power pool. In 
Poland the price is set by an hourly bid process according. 
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Fig. 3: Hourly Electricity Prices in Poland

Fig. 3 denotes the electricity prices of Poland. From the above 
figure, it is clearly understood that the price data have multiple 
seasonal pattern like daily and weekly periodicity and weekends 
and holydays etc. This paper adopts the most commonly used 
data smoothing method:

minmax

min~
XX

XXX
i

i

−
−

=
    (13)                                                                                     

where Xi is the current hour electricity price data, iX~  is the scaled 
price and Xmin and Xmax are the minimum and maximum of the 
dataset respectively. The whole data are divided into two sets one 
is for training and other for testing. Different lagged hourly prices 
have been taken as input to the proposed model. The daily, weekly 
periodicity and the trend are taken into consideration. Hence the 
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set of [Ph-1, Ph-2, Ph-3, Ph-24, Ph-25, Ph-48, Ph-72] is considered as inputs 
for estimating Ph. When the price of an hour is forecasted it is 
used as Ph-1 for forecasting the price for the next hour. In this way 
the price forecasting for the whole 24 hours of a day in advance 
can be obtained.
The Mean Absolute Percentage Error (MAPE) and Root Mean 
Square Error (RMSE) are used to measure the performance of 
the proposed model.

MAPE= 100
ˆ1
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−∑
=
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where yi is the predicted value and iŷ  is the desired value. N is 
the total number of test data.

V. Simulation Results
Fig. 4 and fig. 5 show the target Vs predicted using FNHM with 
BP learning algorithm during training and testing respectively. In 
fig. 6, target Vs predicted using FNHM with GA during testing is 
given. Fig. 7 and fig. 8 denote RMSE of FNHM during training 
and testing respectively.
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Fig. 4: Target VS Predicted During Testing
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Fig. 5: Target VS Predicted During Testing

0 200 400 600
0

0.2

0.4

0.6

0.8

1

Hours

Pr
ic

e

Target & P redicted Tes ting

actual
forecas t

Fig. 6: Target VS Predicted During Testing (GA)
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VI. Result Analysis
The proposed FNHM model is used to forecast Poland electricity 
prices one hour in advance. In Table 2 MAPE obtained from both 
the models with most popular learning algorithms: BP and GA 
are given. 
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Table 2: Model Results
Model with both (BP & GA) 
Learning algorithms MAPE

FLANN with BP 6%
FLANN with GA 3.91%
FNHM  with BP 4.6%
FNHM with GA 2.56%

From the above graphs and table, it is clearly shows that FNHM 
outperforms simple FLANN model. Secondly when both the 
models combined with GA, the prediction accuracy is increased. 
In case of FNHM with BP, MAPE is 4.6% but it is 2.56% when 
combined with GA.

VII. Conclusion
This paper proposed a hybrid model (FNHM) based on functional 
link artificial neural network and fuzzy logic system. Simple 
FLANN has also been considered for the comparison purpose. The 
back propagation algorithm is used to optimize the parameters of 
both the models. Simulation results have demonstrated the superior 
performance of FNHM model. Further to get more prediction 
accuracy, evolutionary algorithm, GA is used to optimize the 
parameters of both the models. Simulation results show that GA 
based FNHM is producing better results as compared to FNHM 
with backpropagation learning algorithm.      
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