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Abstract

The need for intelligent monitoring systems hasobee a necessity to keep track of the complex fonexket.
The forex market is difficult to understand by amage individual. However, once the market is brodown
into simple terms, the average individual can beginnderstand the foreign exchange market andtzea
financial instrument for future investing. This pags an attempt to compare the performance of kagia
Sugeno type neuro-fuzzy system and a feed forwautah network trained using the scaled conjugaaelignt
algorithm to predict the average monthly forex safehe exchange values of Australian dollar aresictemed
with respect to US dollar, Singapore dollar, Nevaldad dollar, Japanese yen and United Kingdom poline
connectionist models were trained using 70% ofdhta and remaining was used for testing and vadidat
purposes. It is observed that the proposed comméstimodels were able to predict the average foates one
month ahead accurately. Experiment results alseatethat neuro-fuzzy technique performed betten tthee

neural network.
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1 Introduction

Creating many international businesses, the glpsiddin has made the international trade, internatio
financial transactions and investment to rapidlgvgr Globalisation is followed by foreign exchangearket
also known as forex. The forex is defined as a ghan a market value relationship between natiocnalencies
(at a particular point in time) that produces psyfor losses, for all foreign currency tradersng@and Walter,
2001). As such, it plays an important role of pdivg payments in between countries, transferringléufrom

one currency to another and determining the exchaaig (Forexcapital, 2001).



The forex is the largest and the most liquid markehe world with a daily turnover of around 1llion U.S.
dollars (Usfxm, 2001). It was founded in 1973 witte deregulation of the foreign exchange rate eWsA

and other developed countries. Namely, before 1®&3fixed exchange rates regime was used for global
currency relationships. It was based on the Bretiwods’ agreement from 1944 with American dollaraas
anchor for all free world currencies. The Ameriduoilar has been a reserve currency for the wordd was
based on gold standard. No other country guarariteedchange its currency for a gold. However,960s and
early 1970s the global economic crisis brought pithie worldwide inflation has shown that The Unitiites
were not able any more to meet the gold standaith &\Vrise of inflation more dollars became wortkd, and
dollars holders around the globe sought the safétyold. As a consequence, many nations were urtable
maintain the value of their currencies under thett8n Woods regime, and the U.S. gold reservesfisigntly

fell. Then, in 1973 the floating exchange rate systvas created establishing markets’ prices ruie. §ystem

is dynamic, generating greater trade and capibadl It is expanding with rapid technological inatens. In
particular, the foreign exchange market has becamever-the-counter market with traders locatedhim
offices of major commercial banks around the woildday, communication among traders goes on using
computers, telephones, telexes, and faxes. Trdugrsand sell currencies, but also they create pridée

exchange of currencies, however, is in the formroéxchange of electronic messages.

Most of the trading in the forex market takes ptageseveral currencies: U.S dollar, German maaRadese
yen, British pound sterling, Australian dollar, @dian dollar. More than 80 percent of global foneéxchange
transactions are still based on American dollaer€hare two reasons for quoting most exchange safaisist
the U.S. dollar. The first has to do with simplcito avoid enormous number of dealing markets ithea
currency were traded directly against each othereagy. A second is to avoid the possibility oftjular
arbitrage. That is, since all currencies are traglitd respect to the dollar, there is only one @é cross rate

and no possibility of arbitrage (Grabbe, 1996).

The forex market is 24-hour market with three majenters in different part of the world: New Yotlgndon,
and Tokyo. It is the busiest in the early morningwNYork time since banks in London and New York are
simultaneously open and trading. Its centers opeinckose one after the other. If it is open in Toland Hong
Kong, it is also open in Singapore. Then if it opém Los Angeles in the after noon, it will be alspen in

Sydney the next day in the morning.



At present the forex market includes the partiégrabf commercial banks around the globe, withraléacy to

spread to corporate, funding and retail institugion

At the forex market, traders create prices by bgiyamd selling currencies to exporters, importemstfplio
managers, and tourists. Each currency has twogréchid price at which a trader is willing to baryd an offer
price at which a trader is willing to sell. If bginn the major money centers banks traders detkinway
prices, for both buying and selling. In market-nmakbanks worldwide much of the trading take plagelivect
dealing, while the rest takes place through brokEoslay computerized services electronically mdtai and
sell orders using an automated brokerage termik®iGrabbe quotes, about 85 percent of all foredinigis
between market makers (Grabbe, 1996). With thethesforex purchases and sales are by companiegedg
in trade, or tourism. Since the most trading tgiase between market makers it creates a spaspéaoulative
gains and losses. However, speculation in the fonexket is potentially a zero-sum game: the cunudat
profits equal the cumulative losses. The operatamesinter-bank transactions were a single rumara@aate
eruptive reactions followed by huge and often-udmtable capital flows. Now traders play againstreather

instead of playing against central banks as théydlien currencies were not floating (Dormael, 1997)

Starting from 1983 there were considerable chamgehe Australian forex market. Like Australia maxt
developed and developing countries in the worldcassle foreign investors. When foreign investorsagetess
to invest in any country’s bond equities, manufaoty industries, property market and other asdets the
forex market becomes affected. This affect infleneveryday personal and corporate financial liges, the
economic and political fate of every country on #ath. The nature of the forex market is genemdimplex
and volatile. The volatility or rate fluctuation geEnds on many factors. Some of factors includentiimay
government deficits, changing hands of equity irmpanies, ownership of real estate, employment
opportunities, merging and ownership of large ftiahcorporation or companies. The major attragimthe
business of forex trading are threefold, namelghhiquidity, good leverage and low cost associatét actual
trading. There are, of course, many other advastagfached with the dealing of forex market once gets

involved and understands it in more details.

Forex market traders can use many ways to anaheedirections of forex market. Whatever the method

chosen, it is always related to activities of ec@rfor some periods of time in the past. The patberwhich
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prices move up and down tends to repeat itselfsTthe prediction of future price movements carplo¢ted
out by studying the history of past price movemetitss well known that the forex market has its row
momentum and using traditional statistical techae&gbased on previous market trends and parami¢isrsery
difficult to predict future exchange rates. In parar, it is difficult to predict exchange rates a long-term,
what would be very helpful for policy makers anaders while making crucial decisions. The aim of gaper
is to propose an intelligent monitoring system pgoedicting the monthly average forex market rawsnfiajor
currencies with respect to Australian dollar. Thepegr is organized as follows: Section two expl@eme
theoretical background on neural networks and néurpy computing. Section three points to the expent
through two stages: first, modeling the predictsystems by neuro-fuzzy computing and neurocompuéingd,

second, performance evaluation. Paper ends witblwding remarks and future research directions.
2 Computational Intelligence (CI)

Cl substitutes intensive computation for insighbihow complicated systems work. Artificial neunatworks,
fuzzy inference systems, probabilistic computingpletionary computation etc were all shunned byssileal
system and control theorists. Cl provides an egoelframework unifying them and even by incorpomgbther
revolutionary methods. Artificial Neural Network8NNs) were designed to mimic the characteristicihef
biological neurons in the human brain and nervorstesn. An artificial neural network creates a modgl
neurons and the connections between them, ands titain associate output neurons with input neurdine
network “learns” by adjusting the interconnectiofeslled weights) between layers. When the netwark i
adequately trained, it is able to generate relewatput for a set of input data. A valuable propert neural
networks is that of generalization, whereby a &dineural network is able to provide a correct hatgin the

form of output data for a set of previously unsegnt data.

Backpropagation (BP) is one of the most famousitngi algorithms for multilayer perceptrons. BadigaBP is

a gradient descent technique to minimize the éfréor a particular training pattern. For adjustimg tweight

(wg ),in the batched mode variant the descent is baisede gradienNE (—E) for the total training set:
Wi

W (n) = - TEk + . we(n- 1) 1)

The gradient gives the direction of errér The parameterg and a are the learning rate and momentum

respectively. A good choice of both the paramatersquired for training success and speed of tRBIA



In the Conjugate Gradient Algorithm (CGA) a seaixiperformed along conjugate directions, which piaesb
generally faster convergence than steepest dedaestions. A search is made along the conjugaselignt
direction to determine the step size, which wilhimize the performance function along that lindirke search

is performed to determine the optimal distance twenalong the current search direction. Then the smarch
direction is determined so that it is conjugate pi@vious search direction. The general procedure fo
determining the new search direction is to combireenew steepest descent direction with the prevémarch
direction. An important feature of the CGA is thhe minimization performed in one step is not pdlsti
undone by the next, as it is the case with gradiesicent methods. An important drawback of CGAhes t
requirement of a line search, which is computafignexpensive. Moller introduced the Scaled Conjega
Gradient Algorithm (SCGA) as a way of avoiding ttemplicated line search procedure of conventior@AC

According to the SCGA, the Hessian matrix is apprated by

" E(w, +5 - E (W
k

whereE' andE" are the first and second derivative informatiorglobal error functiorE (w). The other terms
P «k and  represent the weights, search direction, paranmtetrolling the change in weight for second
derivative approximation and parameter for regatathe indefiniteness of the Hessian. In orderebbaggood
guadratic approximation &, a mechanism to raise and lowgis needed when the Hessian is positive definite.

Detailed step-by-step description can be foundhénliterature (Moller, 1993).

Neuro-Fuzzy (NF) computing is a popular framewarkdolving complex problems (Abraham and Chowdhury,
2001), (Abraham, 2001), (Abraham and Nath, 2000)el have knowledge expressed in the form of lintjci
rules, we can build a Fuzzy Inference System (F&®)Y if we have data, or can learn from a simutatio
(training) then we can use ANNSs. For building a,RA® have to specify the fuzzy sets, fuzzy opesasmd the
knowledge base. Similarly for constructing an ANM &n application the user needs to specify theit@ature
and learning algorithm. An analysis reveals tha¢ tlirawbacks pertaining to these approaches seem
complementary and therefore it is natural to cogrsiouilding an integrated system combining the ept
While the learning capability is an advantage fribm@ viewpoint of FIS, the formation of linguistiole base
will be advantage from the viewpoint of ANN. We dshe Adaptive Neuro Fuzzy Inference System (ANFIS)
implementing a Takagi-Sugeno type FIS. We modiftesl ANFIS model to accommodate the multiple outputs
(Jang et al. 1997). Figure 1 depicts the 6- layaretiitecture of multiple output ANFIS and the ftiooality of

each layer is as follows:
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Figure 1. Architecture of ANFIS with multiple outputs

Layer-1. Every node in this layer has a node functid}ﬂ: = my (x), fori=1, 2 orOI1 = g 2(y), for

i=3,4,....0' is the membership grade of a fuzzy set A (=4, B, or B,) and it specifies the degree to which

the given inpui (ory) satisfies the quantifier A. Usually the node fiilme can be any parameterized function.

A gaussian membership function is specified by tparametersc (membership function center) and

2
X- C

s . Parameters in this layer are referred to premise

1
(membership function width). guassian (x, E= e 2
parameters.

Layer-2. Every node in this layer multiplies the incomirigrgls and sends the product out. Each node output

represents the firing strength of a rule.

O|2 =w = ngoi(x) ’ nE‘-(y),i = 12......, In general any T-norm operator that perform fuzaiD" can
be used as the node function in this layer.

Layer-3.The rule consequent parameters are determinedsitagfer.

Oi3 = fi = xp +vyq +ri,where{pi ,qi,ri}are the rule consequent parameters.

Layer-4.Every node i in this layer is with a node function
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of = Wifi = Wi (pjX + gy + rj ), wherew is the output of layer 2

Layer-5.Every node in this layer aggregates all the fistrgngths of rules

Layer-6.Everyi-th node in this layer calculates the individualputs.
L
O = Output= —,1 = 12.....
Wi
[

ANFIS makes use of a mixture of backpropagatiodetrn the premise parameters and least mean square
estimation to determine the consequent parameiestep in the learning procedure has two partghénfirst
part the input patterns are propagated, and theaptonclusion parameters are estimated by aatiter least
mean square procedure, while the antecedent pagenfatembership functions) are assumed to be fixethe
current cycle through the training set. In the selcpart the patterns are propagated again, anitsisrepoch,
backpropagation is used to modify the antecederanpeters, while the conclusion parameters remaidfi

This procedure is then iterated.
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Figure 2. Forex fluctuations during the period January 198%pril 2001 for four different currencies.

3 Experimentation Set-up — Training and Performance Ealuation
The data for our study were the monthly averagexfoates from January 1981 to April 2001. We cosmrsd

the exchange rates of the Australian dollar witpeet to the Japanese yen, US Dollar, UK poundygpiore
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dollar and New Zealand dollar. Figure 2 shows thex fluctuations during the period January 198Apsil
2001 for the four different currencies. The expental system consists of two stages: modellingptieeliction
systems (training in the case of soft computing et&)dand performance evaluation. For network trgjnihe
six selected input descriptor variables were: tlantim, exchange rates for the Japanese yen, USrpolka
pound, Singapore dollar and New Zealand. 70% ofdéte was used to train the neural network and &0%
testing purposes. Experiments were repeated thnes tand the worst errors were reported. The tstill be
then passed through the trained network to evaltraelearning efficiency of the considered mod&sir
objective is to develop an efficient forex predictisystem capable of producing a short-term fotedase
required time-resolution of the forecast is monttdnd the required time-span of the forecast is moath
ahead. This means that the system should be apkedict the forex rates one month ahead basedeowalues
of the previous month. We used a Pentium II, 450zM#tatform for simulating the prediction modelsnggi

MATLAB.

Performance is 0.000628018, Goal is O
10° F T T T T T T T

Training-Blue

-4
10 1 1 1 1 1 1 I 1 I
o 200 400 BEO0 800 1000 1200 1400 1600 1800 2000

2000 Epochs

Figure 3. Convergence of SCGA training

Training of Connectionist Models

Our preliminary experiments helped us to formukatieedforward neural network with 1 input layehigden
layers and an output layer [6-14-14-1]. Input lagensists of 6 neurons corresponding to the inpuiailes.
The first and second hidden layers consist of 1#ares respectively using tanh-sigmoidal activafiamctions.
Training was terminated after 2000 epochs and vigeaed a training error of 0.0251. Figure 3 shothe t
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convergence of SCGA during the 2000 epochs trairting training the neuro-fuzzy (NF) model, we uged
gaussian membership functions for each input veesabnd 16 rules were learned using the hybridhitrgi

method. Training was terminated after 30 epochsttfi®NF model, we achieved training RMSE of 0.0248
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Figure 4. Developed Takagi-Sugeno type fuzzy inference mémtdbrex prediction

Table 1.Test results and performance comparison of forescfmsting

Japanese Singapore | New Zealand

Yen Uss$ UK E $ $
Artificial neural network
Training time =200 seconds, learning epochs: 2@f8ning data RMSE = 0.0251
Testing data RMSE 0.028 0.0340 0.023 0.030 0.021
Neuro-Fuzzy system
Training time =35 seconds, learning epochs: 30intireg error (RMSE) = 0.0248
Testing data RMSE 0.026 0.0340 0.037 0.029 0.020

Test results

Table 1 summarizes the training and test perforesuof the neuro-fuzzy system and neural netwoduriei 4
shows the developed Takagi-Sugeno type fuzzy interemodel for forex prediction. Figure 5,6, 7 and 9

illustrates the test results for forex predicti@ing NF system and Figure 8 using ANN.



Forex Prediction
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Figure 6. NF test results for New Zealand dollar
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Singapore Dollar

Forex Prediction
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Figure7. NF test results for Singapore dollar

UK pounds
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Figure 8. ANN test results for UK pounds
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Figure 9. NF test results for US dollar
4. Conclusions

In this paper, we have proposed an intelligent mooimg system for predicting the monthly averagesforates
of US dollar, UK pounds, Singapore dollar, New Zeal dollar and Japanese yen with respect to Aistral
dollar. Test results reveal that the proposed cctior@st models are capable of predicting the tesadcurately.
Compared to artificial neural network, neuro-fuzggstem performed better in terms of RMSE and tngini
time. Another important advantage of neuro-fuzzstem is the interpretability of the results usifathenrules.

It is also interesting to note that neural netwpekformed better for the prediction of UK poundkeTproposed
intelligent system might be useful for policy makeimvestors, traders, companies engaged in iriteraéh
business etc. In our research we considered thethiyoforex data from January 1981 to April 2001.
Performance could have been improved by providimgentraining data. Our future research will be cliee

towards short-term forecast (daily, hourly etc.Jaex data using more intelligent systems.
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