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Abstract
In this paper we considered a hybrid network consisting of an 
Artificial Neural Network (ANN) and fuzzy logic, termed as 
Fuzzy Neural Network (FNN). A computationally less complex 
single layer artificial neural network has been considered as the 
basic neural architecture. The input data is converted to the fuzzy 
membership functions. The synaptic weight vectors as well as bias 
values are optimized by a global search optimization technique, 
Genetic Algorithm (GA). The model has been employed to forecast 
the one-day-ahead and one-week-ahead closing prices of some fast 
growing stock markets across the globe. The efficiency of the FNN 
model has been compared to an ANN trained with an error back 
propagation based on gradient descent method. The performances 
of the models are calculated in terms of Average Percentage of 
Errors (APE). Form simulation studies, it is observed that the 
hybrid network FNN gives competitive  superior results, hence 
could be adapted as a promising forecasting tool for prediction 
of stock future indices. 
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I. Introduction
A stock market index represents the movement average of several 
individual stocks; an index reflects mainly the direction of market 
movement rather than movement of a stock. Forecasting task of 
stock indices is a crucial and daunting task due to the reason of 
high market volatility, non-linearity, complex dynamic system, 
time-varying in nature. These problems need to be captured in 
used and implemented models in order to developing intelligent 
techniques to forecast stock market indices. The successful stock 
market prediction relays on achieving best forecasting results with 
less volume of input data and least complex model architecture. 
Stock market researchers focus on developing methodologies 
to successfully forecast index values, aiming at maximizing 
profits using appropriate trading strategies, which is a critical 
and challenging task in financial mathematics. 
During last two decades varieties of traditional and computational 
model have been established to solve the realistic problem by 
observing the hidden laws of the real stock index data. There 
are tremendous development in the area of soft computing 
which includes artificial neural network (ANN), evolutionary 
algorithms, and fuzzy systems. This improvement in computational 
intelligence of capabilities has enhances the modeling of complex, 
dynamic and multivariate nonlinear systems. These soft computing 
methodologies has been applied successfully to the area data 
classification, financial forecasting, credit scoring, portfolio 
management, risk level evaluation etc. and found to be producing 
better performance. The advantage of ANN applied to the area of 
stock market forecasting is that it incorporates prior knowledge 
in ANN to improve the prediction accuracy. It also allows the 
adaptive adjustment to the model and nonlinear description of 
the problems. ANNs are found to be good universal approximator 

which can approximate any continuous function to any desire 
accuracy.
It has been found in most of the research work in financial 
forecasting area used ANN, particularly multilayer perceptron 
(MLP). A MLP contains more than one hidden layer, and each layer 
can contain more than one neurons. The input pattern is applied 
to the input layer of the network and its effect propagates through 
the network layer by layer. During the forward phase, the synaptic 
weights of the networks are fixed. In the backward phase, the 
weights are adjusted in accordance with the error correction rule. 
This algorithm is a popular one and called as Back Propagation 
learning algorithm. Suffering from slow convergence, sticking to 
local minima are the two well known lacuna of a MLP. In order 
to overcome the local minima, more number of nodes added to 
the hidden layers.  Multiple hidden layers and more number of 
neurons in each layer also add more computational complexity 
to the network.
Application of fuzzy logic as an advance trading technology 
exploiting machine intelligence for financial time series market 
forecasting is an interesting area attracting much research effort 
worldwide. It has been proven itself as universal modeling technique 
[1-2] that can approximate any nonlinear complex system with 
specified arbitrary accuracy. Along with the traditional statistical 
methods, several soft computing methods such as ANN, fuzzy 
set theory, genetic algorithm [3-4], and other hybridized models 
have been applied on stock market forecasting and got wide 
acceptance [5]. Some extensively used soft computing techniques 
adapted for successful stock market forecasting includes radial 
basis function network [6-7], MLP, dynamic filter-weights neural 
network [8], local linear wavelet neural network (LLWNN) [9-10], 
and functional link artificial neural network (FLANN) [11].
In this paper, first we have considered a neural architecture with 
less computational complexities as neural network is well capable 
of self learning, adaptation, fault tolerance, and generalization. 
Secondly, we introduced the fuzzy logic, as it is famous for its 
precision and dealing with uncertainty. This paper combines ANN 
and fuzzy to get the advantages from both techniques.
The rest of the paper is organized as follows. Section II briefly 
describes the architecture of the two forecasting models considered. 
The basic of GA has been explained in section III. Section IV 
described the simulations and results followed by a concluding 
remark. 

II. Stock Index Forecasting Models

A. Artificial Neural Network (ANN) Architecture
We considered a multilayer ANN, called as MLP for this 
investigation purpose. The multilayer perceptron has been 
considered to be capable of approximating arbitrary functions 
in terms of mapping abilities. MLP is one of the most widely 
implemented neural network topologies. In our experiment the 
MLP is trained with the back propagation algorithm. The back 
propagation rule propagates the errors through the network and 
allows adaptation of the hidden neurons. The error correction 
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learning in this case is a supervised learning, i.e. the desired 
response for the system must be presented at the output neuron.  
The feed forward neural network model considered here consists 
of one hidden layer only. The architecture of the ANN model is 
presented by Fig. 1. This model consists of a single output unit. The 
neurons in the input layer use a linear transfer function, the neurons 
in the hidden layer and output layer use sigmoidal function. 

    (1)
Where the output of the neuron, λ is is the sigmoidal gain and 

 is the input to the neuron. The gradient descent algorithm with 
momentum term is used as the training function given by

  (2)
Where  is the learning rate,  is the momentum factor,  is 
the weight value at  iteration, and  is the weight vector 
at  iteration for the  training vector.

Fig. 1: ANN-GD Forecasting Model

B. Fuzzy Neural network (FNN)Architecture
The fuzzy network is basically a flat network and the need of the 
hidden layer is removed and hence, the learning algorithm used in 
this network becomes very simple. The architecture of this artificial 
neural network model uses a single perceptron. As compared to 
the ‘black box’ nature of multilayer neural network, it obtains 
less computational complexity. The input vector is expanded into 
three different membership functions. The expansion input vectors 
effectively increases the dimensionality of the input vector and 
hence the hyper planes generated by the fuzzy net provides greater 
discrimination capability in the input pattern space. Figure 2 shows 
an example of configuration of the fuzzy neural network.

Fig. 2: A Fuzzy Neural Network

Each unit in the input layer has a triangular Gaussian membership 
function as its inner function, given by

  (3)

   (4)

   (5)
where is the  input feature,  is the low value of the   
input feature,  is the high value of the input feature,  
is the medium value of the  input feature and ith is taken as 

. 
Each input data is the input of these membership functions (low, 
medium, high) and the outputs of the units  
are the grades of the membership functions. The inputs of the 
unit in the output layer are . The output unit has a sigmoid 
function ƒ given by 

    (6)
Where, s is the sum of the inputs of the output unit i.e. 
. Here o is the output of this network. The connection weights  
are modified by the δ rule.

III. Basics of Genetic Algorithm
Genetic Algorithms (GA) has been considered as a popular 
global search optimization, works on a population of potential 
solutions in the form of chromosomes attempt to locate the best 
solution through the process of artificial evolution. GA are based 
on biological evolutionary theory and used to solve optimization 
problems which work with encoding parameter instead of 
parameter itself. It consists of the following repeated artificial 
genetic operations: evaluation, selection, crossover, and mutation. 
The weights and other parameters are optimized by GA and used 
to train the network. In general the genetic evolution process 
consist the following basic steps:

Initialization of the search node randomly.1. 
Evaluation of fitness of individuals.2. 
Application of selection operator. 3. 
Application of crossover operator.4. 
Application of mutation operator. 5. 
Repetition of the above steps until convergence.6. 
The fitness of the best and average individual in each 7. 
generation increases towards a global optimum.

IV. Simulation and results

A. Data Set Description
In this research work, the daily closing prices of some first growing 
stock exchanges have been considered for prediction of next day’s 
closing prices based on the observation from the historical data. 
These indices are available openly in the website. Table 1 explains 
about the type and period of data set under consideration.

Table 1: Input Data Set (Daily Closing Prices)
Indices Type Period
BSE(S&P-
100)

Daily 
closing

2-Jan-2012 to 31-Dec-
2012



IJCST Vol. 5, ISSue Spl - 2, Jan - MarCh 2014

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology  97

 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

DJIA Daily 
closing

3-Jan-2012 to 31-Dec-
2012

NASDAQ Daily 
closing

3-Jan-2012 to 31-Dec-
2012

FTSE 100 Daily 
closing

3-Jan-2012 to 31-Dec-
2012

TAIEX Daily 
closing

2-Jan-2012 to 28-Dec-
2012

For preprocessing the raw daily closing prices, they are normalized 
first. The reason for adopting data normalization method is that 
the neural models can process normalized values robustly for its 
learning and generalization. The original closing prices measures 
are normalized using sigmoid data normalization method whose 
mathematical formula is given by equation 7.

     (7)
Where â  is the normalized value of an actual closing price a.

B. Experimental Setting
The normalized values are now considered as the input vector 
to the model. For the training purpose the normalized values are 
arranged in a two dimensional matrix of breadth d, termed as bed 
length. The sliding window method has been used to feed the input 
pattern to the model. Let 

 be the normalized closing 
prices. This is first goes through functional expansion and let 

 be the expanded values. These 
expanded values are feed to the input layer neuron as actual input. 
Let   represent the 
elements of a weight vector associated with the input vector  
at the output neuron. Each expanded input pattern  is applied 
to the model sequentially and the desired closing prices value is 
supplied at the output neuron. Given the input, the model produces 
an output  (n), which acts as an estimate to the desired value. The 
output of the linear part of the model is computed as:

   (8)
Where b represents the weighted bias input. This output is then 
passed through a nonlinear function, here sigmoid activation to 
produce the estimated output .

    (9)
The error signal  is calculated as the difference between the 
desired response and the estimated output of the model.

   (10)
The error signal  and the input vectors are employed to the 
weight update algorithm to compute the optimal weight vector. The 
well known back propagation algorithm is employed for training the 
model. To overcome the demerits of back propagation, we employed 
the GA which is a popular global search optimization.
We adopted the binary encoding for GA. Each weight and bias 
value constitute of 17 binary bits. For calculation of weighted sum 
at output neuron, the decimal equivalent of the binary chromosome 
is considered. As we investigated different independent financial 
time series, the parameters for optimization algorithms are varies 
from one data set to another. Some randomly initialized populations 
with 40 to 70 genotypes were considered for experimental work. 
GA was run for maximum 200 to 300 generations with the same 

population size for different data sets. Parents are selected from 
the population by elitism method in which first 10% of the mating 
pools are selected from the best parents and the rest are selected 
by binary tournament selection method. A new offspring is 
generated from these parents using uniform crossover followed 
by mutation operator. In this experiment the crossover probability 
is taken within the range of 0.4 to 0.6 and mutation probability 
is taken within the range of 0.02 to 0.05. In this way the new 
population generated replaces the current population and the 
process continues until convergence occurs. The fitness of the 
best and average individuals in each generation increases towards 
a global optimum. The uniformity of the individuals increases 
gradually leading to convergence.

Fig. 3: FNN Forecasting Model

The experiment has been carried out by a system with Intel ® core 
 TM   i3 CPU, 2.27 GHz and 2.42 GB memory. The programming 
language used MATLAB-2009 Version-7.8.0.347.
The average percentage of errors (APE) has been considered 
for performance metric in order to have a comparable measure 
across experiments with different stocks. The formula for APE 
is represented by equation 11.

  (11)
Here is the actual closing price and  is the estimated price 
(after denormalization of closing prices).

C. Efficiency of the Model
As we use a stochastic method for prediction purpose, result may 
vary from simulation to simulation. Each financial time series 
has been simulated for 20 times. The results considered here is 
the average of 20 simulations. Table 2 summarizes the results 
obtained in the prediction of these five data sets with the use of 
the ANN and FNN model.
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Table 2: Error signals generated by the forecasting models in 
one-day-ahead prediction

Data Set
Average Percentage of Error (APE)
ANN FNN

BSE(S&P-100) 3.1072 1.0712
DJIA 2.7462 1.2713
NASDAQ 3.3273 3.1059
FTSE 100 2.8412 1.1905
TAIEX 3.9761 3.8933

Table 3: Error Signals Generated by the Forecasting Models in 
One-Week-Ahead Prediction

Data Set
Average Percentage of Error (APE)
ANN FNN

BSE(S&P-
100) 5.3372 2.5071

DJIA 2.9906 1.7571
NASDAQ 5.4275 3.7259
FTSE 100 4.6341 3.2955
TAIEX 4.92238 3.7997

From the Table 2, it may be observed that, the FNN model 
outperforms ANN model in terms of APE for all data sets. For 
data set NASDAQ and TAIEX, there is no significant improvement 
in the error signal generated by the FNN model. However, overall 
performance of FNN model is quite satisfactory.
The prediction performance of the two models for one-week-
ahead prediction is shown in the Table 3. In this case also the FNN 
model generated minimal error signals as compared to the ANN 
model. The rate of convergence of the FNN model for different 
financial time series are represented by figures 4-8, which proves 
the efficiency of the model.

V. Conclusion
This investigation first, attempted to combine a neural architecture 
with less computational complexities and fuzzy logic. The neural 
network is well capable of self learning, adaptation, fault tolerance, 
and generalization. Secondly, we considered the fuzzy logic, as 
it is famous for its precision and dealing with uncertainty. This 
paper combines ANN and fuzzy to get the advantages from both 
techniques. The FNN model expands the given set of inputs into 
three categories low, medium and high. These inputs are fed 
to the single layer feed forward artificial neural network. The 
experimentation has been carried out on five real stock market 
data to forecast the one-day-ahead and one-week-ahead closing 
prices. It has been shown that the hybrid model, FNN outperforms 
the ANN model trained with error back propagation in terms of 
APE. The error convergence graph of the FNN model proves its 
stability and hence, this technique could be adapted as an efficient 
and premise prediction model for the stock index prediction 
problem.
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Fig. 4: Error Curve Generated by FNN Model for BSE Dataset
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Fig. 5: Error Curve Generated by FNN Model for DJIA Dataset
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Fig. 6: Error Curve Generated by FNN Model for NASDAQ 
Dataset
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Fig. 7: Error Curve Generated by FNN Model for FTSE 
Dataset
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Fig. 8: Error Curve Generated by FNN Model for TAIEX 
Dataset
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