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Abstract. In this paper, the control of a chaotic finance system is applied by using
Artificial Neural Networks (ANNs). Economic systems become more complicated and
have undesired nonlinear factors. It is difficult to control when a chaotic behaviour
occurs. So that the ANNs have the ability of learning functional relations, they can
acheve the control of chaotic systems more effectively.-li@® neural training
algorithms are used for regulating the chaotic finance system to its equilibrium points in
the state space. For faster training in bpakpagation, Levenberilarquardt algorithm

is preferred. Numerical simulations are performed to demonstrate the effectiveness of the
proposed control technique.
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1 Introduction

Nowadaysthe financial systems are being more complicated and the markets
are rising rapidly in an asymmetrical economic growth. The economic
progresses are resulting in nonlinearity which leads difficult to control. Upon
having some unpredictable nonlinear faciargterest rate, investment demand,
price, per investment cost and stock, the financial systems can reveal chaotic
behaviour. Nonlinearity and chaos in a financial system are undesired
characteristics and traditional econometric approaches, strict assosnp
statistics based methods may be inadequate for a stzdmd@raic growth and
control. Furthermorethe control of chaos in a financial system has significant
importance from the management point of view of avoiding undesirable
situations such as ecomical crises.
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A nonlinear system under chaotic behaviour might have undesired trajectories;
therefore it is required to control for eliminating chaS&ce the successful
study of Ott, Grebogi, and Yorke named OGY control [1], various methods for
the cantrol and synchronization of chaotic systems have been presented. These
approaches mainly include linear feedback [2], nonlinear feedback [3}; time
delayed feedback [4], adaptive [5], sliding mode [6], impulsive [7], passive [8]
control methods. In the mbef these control methods, it is assumed that the
dynamical model of the chaotic system is known. However, some ch#uic
systemmodels do not exactly represent the real situation, the parameters may be
unknown andmany chaotic systemslo not have an mathematical equations.
Intelligent control techniques generally attempt to control the chaos by using the
output values of states, so they can be more comprehensive solution. Recently,
the control of Lorenz [ 9, lfed[l4,Bdssl er [ 11], C
unknown [15] chaotic systems have been implemented with Artificial Neural
Networks (ANNSs). Fuzzy logic, the other popular intelligent technique, is used
in the control of Lorenz [16, 17], Chua [17, 18], Rossler [18], Chen [18, 19],
unified [20], Mathiedvan der Pol [21] and some other chaotic systems. With
the Adaptive Neurd-uzzy Inference Systems (ANFIS), which is a combination

of ANN and fuzzy logic systems, there are only a few papers for the control of
chaotic systems [225].

The firstchaotic finance system has been introduced in 2001 [26, 27]. Then, a
new chaotic finance attractor has been built in 2007 [28]. Afterwards, two
different hyperchaotic finance systems have been presented respectively in 2009
and 2012 [29, 30]. Some papdrave been published concerning the dynamic
behaviours of these chaotic finance systems330 The synchronization of the
chaotic finance systems have been implemented with active [34, 35], nonlinear
feedback [36, 37], and adaptive [38] control methods. the control of the
chaotic finance systems, several control methods have been proposed [29, 30,
3944]. Yang and Cai have achieved the control of chaotic finance system via
linear feedback, speed feedback, selection of gain matrix, and revision of gain
matrix controllers in 2001 [39]. Chen has employed the-tiwlayed feedbacks

to provide the control of this system in 2008 [40]. Emiroglu et al. have used a
passive controller for controlling this nonlinear system in 2012 [41]. Cai et al.
have constructethe control of modified chaotic finance system by means of
linear feedback, speed feedback and adaptive control methods in 2011 [42]. The
control of the former hyperchaotic finance system has been performed with the
effective speed feedback control methiod Ding et al. in 2009 [29], with the
linear feedback control method by Uyaroglu et al. in 2012 [43], and with the
time-delayed feedback control methods by Gelberi et al. in 2012 [44]. Yu et. al
have realized the control of the latter hyperchaotic finasystem with the
linear feedback and effective speed feedback control methods in 2012 [30].

Motivated by the previous intelligent chaos control papers, in this study, further
investigations on the control of chaotic finance systems are explored. Although
there are several studies in financial chaos control, as to the knowledge of the



authors there is no intelligent approach for controlling the chaotic finance
systems. In this studyeural controlles areemployed for achieving the control

of a chaotic fimnce system. The effectiveness of the proposed AhliNrol
technique has been presented visuallysing simulation results.

2 Materials and Methods
2.1 Chaotic Finance System

The chaotic finance system is described by a set of thre@ffidst diffeential
equations as

#=2z+(y- a)X,
¥=1- by- x?, 1)
#=-x-cz
wherex, y, zare state variables ailb, c are positive constant parameters, they
represent the interest rate, investment demand, price exponent, saving amount,
per investment cost, and elasticity of dewhs of commercials, respectively [26,
27]. It exhibits chaotic behaviour when the parameter values are choaen as
3, b=01, andc = 1 [4Q]. The time series2D phase portraits and 3D phase
planeof the chaotic finance system under these parametees/alod the initial

conditionsx(0) = 15, y(0) =4.5, andz(0) =-0.5are illustrated in Fig. 1, Fig. 2,
and Fig. 3, respectively.

The equilibria of chaotic finance system (1) can be found by solving the
following equation:

z+(y- a)x=0,
1- by- x2 =0, )
- x-cz=0.

Then, the chaotic finance system possesses three equilibrium points;

E,(0,1/b,0),
E,(- - c(b- c+abg/c,(1+ac)/c,/- c(b- c+abd)/c?), 3)
E;(y- c(b- c+abg/c,(1+ac)/c,- /- c(b- c+abd)/c?).

When the parameter values are takemaas 3, b = 0.1, andc = -0.5, the

equilibrium points becom&;(0, 10, 0),Ex(-0.7746, 4, 0.7746), anigs(0.7746,
4,-0.7746).
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Fig. 1. Time series othe chaotidinancesystemfor (a) x signals (b) y signals and(c) z

signals



Fig. 2. 2D phase portraitsf the chaotidinancesystemin (a) x-y phase pt, (b) x-z
phase platand(c) y-z phase plot
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Fig. 3. 3D phase plane of the chaotic finance system



2.2 Artificial Neural Networks (ANNS)

ANNSs, which are inspired from biological neural networkse &asically a
parallel computing technique. An ANNbgsists ofprocessing elements called
neuronsand connections between them with coefficients called weigatsh
processing element makes its computation based apweighted sum of its
inputsand an activation function is also used for determining tlipud value.
ANNSs adapt themselves to the given inputs and desired ouwtjihts: learning
algorithm andthen theyrespond to th@inknown situationsationally. If using
only input layer and output layer is not sufficienicrieasing the number of
layerscalled hidden layersan solve the learning problerhere are different
kinds of ANNs, the most commonly preferred one is the thagered Feed
Forward Neural Network (FFNN). As shown in Fig.edlementary FFNNs have
three layers of neurons: input laybiglden layer and output layer.

Input layer Hidden layer Output layer

Fig. 4. Basic architecture of feddrward neural networks

In Fig. 4, X(i) and Y (k) are the inputoutput data pairsh, and b, are the bias
values,w is the interconnection weight, afids theactivation functioni, j, and

k representthe number of inputsneurons in the hidden layer, amdtputs,
respectively.The values of each neuron in the hidden layer of FFNN can be
calculated by

H() = f@ XOwi, )+ by(1)), (4)

i=1
and the output layer of FFNBean be found as

|
Y(K) = F(@ H()W(, k) + b, (K)). ®)

j=1



Sigmoid and tangent sigmoid functions are the commonly wssiration
functions in FFNNs. While the sigmoid function produces only positive
numbers between 0 and 1, the tangent sigmoid function produces numbers

between-1 and 1.Theformula ofsigmoidfunctionis given by

Fg=—t ()

l+e

and the tangent sigmoid functican bedenotedas

i 2% _
f(x):smhx_e 1 2 1 %

coshx g?*+1 1+e

whereeis the base of natural logarithm.

FFNNs musbe trained for adapting themsessto the given inputs and desired
outputs Backpropagation can be used as a teaching method for FFNNSs. It is
also known as gradient desnt training algorithm. But, iis often too slow.
Therefore, several higperformance training algorithms such as lsda
conjugate gradientFletcherReeves conjugate gradient; PowR#ale restarts
conjugate gradientresilient backpropagation;Broyden, Fletcher, Goldfarb,
Shanno quadiNewton; one step secaahd LevenbergMarquardtalgorithms

are preferred imecentyears

3 Controlling Chaotic Finance System with ANNs

In this study, a direct ANN control technique is proposed to control the chaotic
finance system. The direct adaptive control technique is widely used for
controller design with intelligent methodolegi Its goal is to get a control
system with backpropagating the errors. The parameters of corgraler
adjusted to minimize the error between
the system includes nonlinearity, then linear controllers may notupe
performancesatisfactorily In such cases, artificial intelligence techniques such
as ANNSs can be used in a direct adaptive contrstiesy. Itsfast response time,
general approximationand learning abilitiesmake the ANN an attractive
method for nalinear control. Figs shows the diagram of proposed direct ANN
control technique for the control of chaotic finance system.
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Fig. 5. The model of direct ANN control method for chaos control

In Fig. 5, Yq is the desired procesoutput(an equilibrium pointof the chaotic
systen), Y(t+1) is the actual processutput,e(t) equals toY(t) — Yy is the input

of the ANN, andu(t) is the output of theANN. The networls output error
e(t+1) is defined asry — Y(t+1). The goal of thecontrol is to determine the
bounded inpuu(t) as limy . e(t+1)(@0. The ANN controllers are trained to
control thechaoticsystem by backpropagating the errors so that the differences
betweendesired outputind actual outputare minimizel. This training path is
shown as a dashed line in Fig For each of the, y, andz statesthere exists a
different ANN controllerin the proposed control modé&the weights ofANNs

are adjusted online without a specific fraining stagelf the erra between
desired output and actual output is too small, the control is achieved at that
moment and no need to train the ANN controllensthis situation Instead of
usingbackpropagation(gradient descengs a training method, the Levenberg
Marquardtalgorithm is preferred becausé learnng relatively veryfast. The
inputs and outputs of ANNs@amnormalized to values betweeinand 1. Tangent
sigmoid function igakenas the activation function because it produces numbers
between1 and 1.The trainhg parametersf ANN are consideredasepochs=

3, goal = 10%° andmin_grad= 10'°. Default values are used for all the other
parametersln order to control successfully, the ANN controllers are employed
to train again for the new(t+1) situations by @justing the weights of ANNs
simultaneously

4 Numerical Simulations

This section of the papatemonstrateshe control results of chaotic finance
system to verify the effectiveness of propog&dN control technique The
simulation results argerformedusing the Mtlab software. The numerical
analyses are carried out usifyurth-order RungeKutta methodwith variable

time step The same parameter values and initial conditions of finance system



described in Section 2 arakento ensure the chaotic bahaur. When the ANN
controllers are activated at= 50, the simulation results for the control of
chaotic finance system (0, 10, 0),Ex(-0.7746, 4, 0.7746), ares(0.7746, 4,
-0.7746) equilibrium points are shown in Fig. 6, Fig. 7, and Fig. 8, réeplyc
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Fig. 6. Time responsesf controlled chaotic finance systemBEg0, 10, O)with the ANN
controllers are activated gt 50for (a) x signals, (b signals, and (c2 signals
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Fig. 8. Timeresponsesf controlledchaotic finance systemo E3(0.7746, 4-0.7746)
with the ANN controllers are activatedtat 50for (a) x signals, (by signals, (ck
signals

As expected, the Figs.-8 show that theproposedANN controllers have
stabilized the chaotic motionof the finance systentowards its equilibrium
points When the controllers are activated at50, the control is observedtat
52 for all equilibrium points. The errors betwedasired output and actual
output signals converge to zero with an appropriate timgogde Hence the
simulation results verifythe effectiveness of proposeshline direct ANN
controltechnique



5 Conclusions

Although ®veral papers have concerned on the control of chaotic finance
system, in this study, it is the first time its contislinvestigated with an
artificial intelligencemethodology A direct adaptive ANN control technique is
proposed to achieve the control. The weights of ANN controllers are adjusted
online without a specific prraining stagelLevenbergMarquardt algoritm is
preferred for faster trainingd.he smulation resultsn Figs. 6-8 have shown that

the chaotic finance system is stabilized towards its equilibrium points
effectivelyowing tothe ANN controllers.The proposed method differs from the
previous financechaos control techniques in that it is feasible even if the
equations ofthe financesystem is unknownAs a future work, the other
intelligent techniques such as fuzzy logicurefuzzy and genetic algorithm
can be applied for the control of chaotic ficasystem.
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