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1. INTRODUCTION

A neural network is an interconnected group of p@kin to the vast network of neurons in the
human brain. An Artificial Neural Network [1$ a mathematical model or computational model dhase
biological neural networks. Detecting trends aattgrns in financial data is of great interesth® business
world to support the decision-making process. $otfee primary means of detecting trends and petbas
involved statistical methods such as statisticastelring and regression analysis. The mathematiocalels
associated with these methods for economic forecpshowever, are linear and may fail to forecést t
turning points in economic cycles because in mases the data’s are highly nonlinear.

A new generation of methodologies, including neumatworks, knowledge-based systems and
genetic algorithms, has attracted attention folyaig of trends and patterns. In particular, neativorks
are being used extensively for financial forecagtiith stock markets, foreign exchange trading, madity
future trading and bond yields. The recent resurgeof interest in the field of NNs has been iregpiby
new developments in NN learning algorithms, anal&é&! circuits and parallel processing techniqueseO
main possibility for the use of artificial neuralstem is to simulate physical systems that are drgqatessed
by massively parallel networks.

The Main objectives of this work is

» Tointegrate FLANN & Fuzzy Logic model.
 To implement Proposed Hybrid Functional Link Fuzkggic neural model on Stock market
prediction case study.
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2. BASICSOF FINANCIAL FORECASTING AND SUITABILITY OF ANN MODELING

Stock market [3], [4], [7] has long been consideackdigh return investment field and backbone of
Indian economy. Due to the fact that stock marlets affected by many highly interrelated economical
political and even psychological factors that iattrwith each other in a very complex fashionsivéery
difficult to forecast the movement in stock market.

Predicting is telling about the future which withcur certain error. To produce a meaningful
prediction, the error incurred must be minimum. fEhare several ways used by investors to predickst
market returns such a technical analysis, fundamhemtalysis and mathematical models. However these
techniques incapable of determining the exact fseprice. Due to these imperfection factor curstadies
using soft computing techniques (Soft Computingresents that area of Computing adapted from the
physical sciences.) such as Granular Computing,gRaets, Neural Networks, Fuzzy sets and Genetic
Algorithms are highly used to improve the prediatiaccuracy and computational efficiency compared to
earlier techniques. With the advancement being madeomputer and telecommunication technologies
today, the world’s major economies and financiatkats are becoming more and more globalize.

As this trend accelerates, financial markets areoilming more and more interrelated and
fundamental factors will become increasingly caitito financial market analysis. In the global nepkace,
the prevailing methods of technical analysis wheengle market is modeled through historical satiah
and back testing of its own past price (or volurbehavior is rapidly losing its competitive advargag
Institution and individual traders both are inciagl/ applying new technologies to financial forstiag.
Recent research shows that these nonlinear dormambe modeled more accurately with these techigsdog
(like ANN) than with the linear statistical and gle-market methods that have been the mainstay of
technical analysis throughout the past decade.

Another advantage of ANN [1], [7] implementatiortligat the processing is distributed among many
nodes. Even if some of the nodes fail to functioaperly, the effect on the overall performance lof t
system will not be significant. This assertion tenverified by turning off m randomly selected heddayer
nodes and observing the resulting effect on théesyperformance. However due to their large nunaber
inputs, network pruning is important to remove mdant input nodes and speed up training and recall.
Essential features of a neural network are: Thevorkt topology, Computational functions, and Tragin
algorithm [5]. Decisions on the target output wiéspect to concerned inputs will select these featalong
with their respective parameters like learning ,ratember of hidden layers, and number of nodesache
layer etc. Financial neural network must be traiteedearn the data and generalize, while being gread
from overtraining and Memorizing the data. Onceéngd, the network parameters (weights) will be kept
fixed and can be designed to predict the directimegnitude.

3. SURVEY OF THE RELATED WORK
3.1 Functional Link Artificial Neural Network

FLANN [10], [11] is a single layer, single neuron architectuvhich has the exceptional capability
to form complex decision regions by creating naredir decision boundaries. The architecture of thiENN
is different from the linear weighting of the inpp&ittern produced by the linear links of the bekieown
Multi-Layer Perceptron (MLP) [2]. In a FLANN, eadhput to the network undergoes functional expansion
through a set of basis functions. The functionaek lacts on an element or the entire pattern itoglf
generating a set of linearly independent functiortse inputs expanded by a set of linearly indepenhde
functions in the function expansion block, causearease in the input vector dimensionality. Tdngbles
FLANN to solve complex classification problems bgngrating non-linear decision boundaries. In our
experiment, the functional expansion block compgrisea set of trigonometric functions.

3.2 Fuzzy Neural Networks

Neural fuzzy networks [6], [8], [9] have an advaggaover expert systems because they can extract
rules without having them explicitly formalized. la highly chaotic and only partially understood
environment, such as the stock market, this isngmortant factor. It is hard to extract informatifmrom
experts and formalize it in a way usable by expgstems. Expert systems are only good within tthemain
of knowledge and do not work well when there isginig or incomplete information.

According to the mechanism of fuzzy logic contrgstem, the fuzzy neural network [12] usually
has 5 functional layers: (1) Layer 1 is the in@ytdr. (2) Layer 2 is the fuzzification layer; (Jyter 3 is the
fuzzy reasoning layer which may consist of AND lagad OR layer; (4) Layer 4 is the defuzzificatlayer;
(5) Layer 5 is the output layer. The architectuf@ duzzy neural network is described in Fig.1. &lsy the
fuzzy neural network maps crisp inputs xi (1=1,2n)..to crisp output yi (j=1,2,...,m). A fuzzy neural
network is constructed layer by layer accordinglibguistic variables, fuzzy IF-THEN rules, the fyzz
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reasoning method and the defuzzification schemea dfizzy reasoning method and the defuzzification
scheme of a fuzzy logic control system.

UPDATE
ALGORITHM

F.E.: Functional Expansion

Figure 1. Architecture of FLANN Model
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Figure 2. Architecture of the fuzzy neural network

Each neuron in the fuzzificatidayer represents an input membership function efahtecedent of
a fuzzy rule. One common method to implement thiget is to express membership functions as discrete
points. Thus for a fuzzy rule "IF X1 is A1 and X2 A2 THEN Y is B", A's characterize the possibility
distribution of the antecedent clause "X is A". Ead the hidden nodes is defined as a fuzzy reterguoint
in the input space. The function of the defuzaifion layer is for rule evaluation. Each neuronhis layer
represents a consequent proposition "THEN Y is Bd @#s membership function can be implemented by
combining one or two sigmoid functions and linaandtions.

4. PROPOSED HYBRID MODEL
4.1. Functional Link Fuzzy Logic Neural M odel
The structure of the FLANN is fairly simple. It &flat net without any need for a hidden layer.
Therefore, the computation as well as learning rittym used in this network is simple. The functibna
expansion of the input to the network effectivalgreases the dimensionality of the input vector lagice
the hyper-planes generated by the FLANN provideatgrediscrimination capability in the input pattern
space. Various system identifications, control afnlimear systems, noise cancellation and image
classification systems have been reported in retier@s. These experiments have proven the ability o
FLANN to give out satisfactory results to problemih highly non-linear and dynamic data. Furthee th
ability of the FLANN architecture based model tegict stock index movements, both for short terax{n
day) and medium term (one month and two monthsjligien using statistical parameters consisting of
well-known technical indicators based on historicdex data is shown and analyzed.
The Proposed Hybrid [4], [14] Functional Link Fuzipgic Neural model (FLFNM) uses the

nonlinear combination of input variables. The pregub hybrid model architecture is explained below:
1. The raw datasets are stored in database (.mdb)futtmification process gets started with the raw

datasets.

This process involves, crisp value conversion thelps to train the neural network with greater

accuracy.
2. After the fuzzification process, the convertedgiigput values are moved to neural network inpytia
3. The input layer has nodes that collects the infsata fuzzification block and pass the inputs to nogu
4. The functional expansion block (neuron- FLANN mqdmillects the inputs and multiplied with weights

assigned between input layer and functional exparisiock.
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The multiplied inputs are summed collectively aodiarded to activation function.

The activation function used in this neuron is ftdnnction), this function gets the summed inputd a

coverts it to 0 to 1 range using tanh mathemafigadtion.

After range conversion over, the value is passddapny sets to check which operation will perform.

The fuzzy sets has three relations

a If (Value<0) then tomorrow close price value < thaday’s price (loss).

b If (Value<=0.5 && Value>=0) then tomorrow close gei value remains same as today’s price (no
loss).

¢ If (Value>0.5) then then tomorrow close price vatuthan today’s price (profit).

Finally the satisfied condition throws the outputhe neural network output layer.

In training phase, the error will be back propadatsing back propagation algorithm [5].

Defuzzification

Fuzzification

Fuzzy
Rules{R1,R2,R3)

Database

Back propagation Close Price

Algorithm

(M= Access)

ts{Open, High, Low & Previous Price)

Figure 3. Architecture of Hybrid Functional LinkiEzy Logic Neural Model

PERFORMANCE METRICS
Performance Metrics

Root Mean Square Error
1 '

RMSE = | =3 (b —on ) @
Mo

Where { is predicted value,as desired value and N is total number of tesa dat

b.

M ean Absolute Percentage Error
" g
M:lzﬂ x 100 )

Where Ais predicted value and I5 desired value
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Implementation Screenshots and Error Rate of Proposed Model on prediction of future stock

price of SENSEX & NSE

Table 1. Error Rate Analysis for SENSEX & NSE St@oichange

STOCK RESULT FLFNM FLANN
EXCHANGE (proposed) (Existing)
DESIRED 0.1302 0.1102
SENSEX ACTUAL 0.2333 0.2333
ERROR % 0.07 0.5
NSE DESIRED 0.04128 0.02124
ACTUAL 0.07929 0.07929
ERROR % 0.08 0.43
5.3 Accuracy & Error Rate Analysis
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Figure 4. Accuracy of FLFNM and Existing Model (FNAI)
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Figure 5. Error Rate of FLFNM for SENSEX
Datasets

Figure 6. Error Rate of FLFNM for NSE Datasets

6. CONCLUSION

The proposed Hybrid Network model (Functional liRkzzy Logic Neural Model) predicts the
future stock close price of both SENSEX and NSHEgigiast historic datasets. Performance metricsNifl A
(RMSE & MAPE) calculates the accuracy and erroe GitFLFNM model is more efficient than the exigtin
model (FLANN).

In future, the fuzzy sets can be filled with shitarelations that will be capable of dectecting
various attributes of stock market case study.
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E! Alogrithm Information - ﬁ Alogrithm Information
The mput Values:0.64758 ] - AL ) T s
The input Values:0.6046064820360533 The Output Value0.5955285 uture Day:34=> Buy more Shares: Profit i
The input Values:0.6107329184413192 The Output Value0 58536583 uture Day:35=> Sell the Shares: Loss
The input Values:0.585378104471561The Output Value0 55487806 uture Day:36=> Buy more Shares: Profit
The input Values:0.5729830727164028 The Output Value0.5609756 uture Day:37=> Hold the Shares: no loss and no profit (wait for long t
The input Values:0.5722954141058169 The Output Value0 546748 uture Day:38=> Sell the Shares: Loss
The input Values:0.572527207335924 The Output Value0.5569106 uture Day:39=> Buy more Shares: Profit
The input Values:0.5721351411773669 The Output Value0.5589431 uture Day:40=> Sell the Shares: Loss
The input Values:0.5902161930214901 The Output Value0.5630081 uture Day:41=> Sell the Shares: Loss
The input Values:0.574309038737447The Output Value0.5386179 uture Day:42== Sell the Shares: Loss
The input Values:0.5497532975430515The Output Value0 5365854 uture Day:43=> Buy more Shares: Profit
The input Values:0.5530426792978607The Output Value0.5243902 uture Day:44=> Sell the Shares: Loss
The input Values:0.5832143061873372 The Output Value0 5813008 uture Day:45=> Sell the Shares: Loss
The input Values:0.5767050046409548 The Output Value0 5792683 uture Day:46== Sell the Shares: Loss
The input Values:0.6267751030379336 The Output Value0 5995935 uture Day:47=> Buy more Shares: Profit
The input Values:0.6244855654121301 The Output Value0.62601626 uture Day:48== Hold the Shares: no loss and no profit (wait for long t
IFLNF Network Trained = uture Day:49== Sell the Shares: Loss
Trainig Completed I |[Testing Process Completed
Weight :0.4 ISE of FLNFN:0.07580265205275016
tTor Rate (R:M:SE) 0.07580265205275016 IAPE Al:cural:y of FLINFIN:99.82419734 794716 % ;
LfrnmunaLhnkﬂeuraLE;ﬂml.ngLMnerStanT\.d_JAlgmfbﬂj: . ' | 5

Figure 7. Screenshot of FLFNM Training Phase  Figure 8. Screenshot of FLFNM Testing Phase
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