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Data assimilation is a tool, which incorporates observations in the model to improve the forecast, and

it can be thought of as a synchronization of the model with observations. This paper discusses results

of numerical identical twin experiments, with observations acting as master system coupled

unidirectionally to the slave system at discrete time instances. We study the effects of varying the

coupling constant, the observational frequency, and the observational noise intensity on

synchronization and prediction in a low dimensional chaotic system, namely, the Chua circuit model.

We observe synchrony in a finite range of coupling constant when coupling the x and y variables of

the Chua model, but not when coupling the z variable. This range of coupling constant decreases

with increasing levels of noise in the observations. The Chua system does not show synchrony when

the time gap between observations is greater than about one-seventh of the Lyapunov time. Finally,

we also note that the prediction errors are much larger when noisy observations are used than when

using observations without noise.VC 2012 American Institute of Physics.

[http://dx.doi.org/10.1063/1.4712591]

The possibility of using chaotic synchronization for data
assimilation (DA) is entertained. In particular, synchroni-
zation observed for two chaotic Chua models under uni-
directional coupling is shown to be of relevance for
forecasting using data assimilation techniques. Our
results indicate that prediction method employed in the
present is extremely sensitive to observational frequency,
Lyapunov exponent, and the phase at which the coupling
is switched off.

I. INTRODUCTION

DA is a powerful and versatile method for combining

partial, noisy observational data of a system with its dynami-

cal model, generally numerically implemented, to generate

state estimates of nonlinear, chaotic systems. Assimilation of

the observations in the model improves the model state and

provides the most probable state of the system, given the

uncertainties in the observations and model forecast. Thus,

DA is used for state estimation in many practical applica-

tions. A variety of data assimilation methods, broadly sepa-

rated into deterministic or probabilistic methods, have been

developed over the past few decades and used mainly in the

earth sciences.1–7 On the other hand, when two or more cha-

otic systems are coupled, they may adjust the properties of

their motion due to coupling in such a way that their evolu-

tion becomes synchronized. Several types of coupling, uni-

directional, mutual, common driving, etc., and their effects

in the form of a variety of synchronizations such as identical,

generalized, phase, lag, amplitude, etc., as well as applica-

tions of synchronizations have been and continue to be a

very active area of research.8,9

We will be interested in this paper with sequential data

assimilation, which incorporates observations sequentially in

time. This method can be thought of as synchronization

through unidirectional coupling, with observations acting as

the master system and the numerical model acting as the slave

system.8,10–12 When the master is coupled to the slave at dis-

crete time instances, it is termed as sporadic or impulsive

synchronization.13–15 There are many similarities between the

sporadic synchronization and the nudging method for assimi-

lation, suggested first in meteorology,16 and later used for a

number of different studies.17–21 Recent studies show that

such techniques can also be used for assimilating data in order

to track complex spatio-temporal dynamics of excitable

media22 and forecast the state of a time-delayed high-dimen-

sional system, e.g., in chaotic communication.23 Synchroniza-

tion based DA method may be useful for small or mesoscale

predictions, specially when observations are frequent and

coupled to a small number of variables.10,21 This method is

relatively fast and robust and can be implemented easily.24

Two of the main characteristics of the observational

data used in earth sciences applications are that they are dis-

crete in time and are noisy, while two of main characteristics
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of the dynamical models used in earth sciences are the cha-

otic nature of the model and the deficiencies in the model in

capturing all the relevant physical and dynamical processes.

The main aim of this paper is to study synchronization with

these characteristics in mind, as we explain below.

(1) It has been observed recently25–28 that the time period

between two observations is one of the important factors,

which significantly affect conventional DA schemes.

Though frequent updates may produce better results

depending on the quality of the model as well as the

observations, they increase the burden of computational

cost.29 Since the choice of observational frequency

depends on many factors such as cost and ease of obser-

vations, it is important to understand in detail how the

time period between observations affects the accuracy of

predictions, which in turn depends on the accuracy of

the data assimilation.

For these reasons, we investigate the effect of varying

observational frequency, i.e., the gaps between the obser-

vations, on discrete time synchronization—this discus-

sion forms the first part of the paper. As expected, we

find that observations, which are farther apart lead to

poorer synchronization and consequently low accuracy

of prediction. We also find that there is a certain thresh-

old, which in the system we study is roughly of the order

of the inverse of Lyapunov exponent of the system, such

that using observations with a time period greater than

that threshold leads to no synchronization.

(2) It is of course well known that the observational noise

plays crucial role in data assimilation as well as in

synchronization.30–32 Thus, we also carry out the study

described in the above paragraph with noisy observations

with different noise levels, in order to investigate the

effect of noise on synchronization. The discussion of

these results forms the second part of the paper. Again as

expected, the increase in noise leads to poorer synchroni-

zation and prediction.

We present these results in detail in Sec. III and a dis-

cussion of these results along with directions for further stud-

ies is presented in Sec. IV.

In order to investigate the effects of these two aspects, we

perform the so-called “identical twin experiments”33 as fol-

lows. We generate observations using a known trajectory

called the “true” trajectory of a numerical model. We use

these observations (master) to try to synchronize the same nu-

merical model starting with a different initial condition

(slave). We quantify the “degree of synchronization” by calcu-

lating the root mean square (RMS) error of the slave trajectory

with respect to the true trajectory, leaving out the first half of

the time-span, in order to get rid of transients. We assess the

effect on predictions by calculating the RMS error over certain

time-spans after the synchronization is stopped, and the slave

model is let to run by itself. Currently, we are investigating the

effect of these two factors, the time period between observa-

tions and the noise level, on data assimilation methods such as

ensemble Kalman filter (ENKF).6

The dynamical model we use is that of a chaotic Chua

circuit.34,35 One of the main reason for this choice is that in

future, we would like to use the actual data from the circuit

experiments being currently performed by two of the

authors.34 This model is described in detail in Sec. II.

II. CHUA CIRCUIT MODEL AND SYNCHRONIZATION

To study synchronization, we have used the Chua model

used in Ref. 34. The model is given by

1

b

dx

dt
¼

1200

R
ðy� xÞ � gðxÞ;

1

b

dy

dt
¼ r

1200
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� �

;

1

b

dz
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10½ðjxj � 10Þ � ð9bþ 1Þ�signðxÞ 10 < jxj

8

>

<

>

:

;

and r; c; r0; and b are the parameters whose values depend on

the capacitors, resistances, and inductor used in the circuit.34

The resistance R is the control parameter of the system.

Depending on R, the system shows chaotic or regular behavior.

In the present study, we have chosen r ¼ 4:6=69 � 0:067;
c ¼ ð1200� 3300� 4:6=8:5Þ � 10�6 � 0:779; r0 ¼ 85=1200
� 0:071; b ¼ 1� 1200=3300 � 0:636, and b ¼ 1=ð1200�
4:6� 10�9Þ � 1:81� 105. The model was integrated using

the fourth order Runge-Kutta numerical scheme with integra-

tion step Dt ¼ 0:01=b.
The model equations show three attractors depending

upon the initial conditions as shown in Fig. 1(inset) and

zoomed version of the smaller attractors by black and gray

plots. From the basin of attraction obtained by Santos

et al.,36 one can accurately determine that which initial con-

dition will lead to which attractor.36,37 In this study, we have

seen that generally for high values of initial condition

(approximately greater than 1 in absolute value), system

goes to the large limit cycle attractor [inset of Fig. 1], and

for smaller initial conditions, system stays on any of the two

small attractors [Fig. 1]. As the larger attractor is not of ex-

perimental interest, the dynamics on this attractor is consid-

ered as divergent dynamics. In the present simulation, we

have used R ¼ 1245X for which the system shows chaotic

behavior. The “true” (or master) initial condition is chosen

such that the trajectory stays on any one of the small attrac-

tors depending upon the initial conditions. The largest Lya-

punov exponent (k) is positive (� 4:04 bits/ms), and

corresponding Lyapunov time (1=k) is tk ¼ 3:6� 10�4sk

was estimated using Rosenstein techniques38 and is consist-

ent with the earlier results.39

In order to generate any one set of observations, we first

simulated a long trajectory on one of the smaller attractors.

We refer to such a trajectory as “truth” in keeping with other

data assimilation literature. Next, we sub-sampled this trajec-

tory to extract several sets of discrete-time equispaced obser-

vations with varying time interval between the observations,
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which will henceforth be denoted by Tobs. Thus, we use a total

of Nobs observations are YðtiÞ ¼ ðxobsðtiÞ; yobsðtiÞ; zobsðtiÞÞ
where ti ¼ iTobs for i ¼ 1; 2;…;Nobs. Typically, most of the

numerical experiments discussed below.

For the present study, observations were generated

with four different values of Tobs, namely, 2:0� 10�5; 5:0�
10�5; 7:0� 10�5, and 1:0� 10�4 s, and correspondingly

Nobs ¼ 500, 200, 142, and 100. Noisy observations were cre-

ated by adding noise of particular intensity (D) to these

discrete-time observations, where D was chosen to be a speci-

fied fraction of the standard deviation of the attractors. The

results presented in Sec. III are for one specific set of observa-

tions, but the qualitative features of these results were found

to be identical when we used observational sets generated

from many different initial conditions.

A. Master-slave coupling

The model (slave) was unidirectionally coupled with N

discrete-time observations (master) at times t1;…; tN as

follows:

1

b

dx

dt
¼

1200

R
ðy� xÞ � gðxÞ � kx

X

N

i¼1

xðtÞ � xobsðtiÞ½ �dðt� tiÞ;

1

b

dy

dt
¼ r

1200

R
ðy� xÞ þ z

� �

� ky
X

N

i¼1

yðtÞ � yobsðtiÞ½ �dðt� tiÞ;

1

b

dz

dt
¼ �c½yþ r0z� � kz

X

N

i¼1

zðtÞ � zobsðtiÞ½ �dðt� tiÞ; (2)

where, kx; ky, and kz represent the x, y, and z coupling. In the

case of continuous time observations, which is also discussed

below, the slave is coupled to the master directly, by replacing

the summations of delta functions in the above equations

by terms such as kx½xðtÞ � xobsðtÞ�. We have quantified

synchronization using RMS error of the difference of the

synchronized and true trajectory over the last half of the tra-

jectory, and the quality of prediction is again quantified by the

RMS error with respect to truth over varying time periods, as

discussed in detail below. The results about synchronization

and prediction for different Tobs and noise level (D) and a

comparison of these results with the case of continuous time

synchronization are presented in Sec. III.

III. RESULTS

The main aim of this section is to discuss the effects of

the observational time period Tobs and the observational

noise variance D on the root mean square of the difference

between the slave system and the master, both during the

time period in which the slave is coupled to the master (syn-

chronization phase) and after the coupling is switched off

(the prediction phase).

A. Synchronization with observations without noise
(D5 0)

In order to investigate the performance of the synchroni-

zation, we have first studied the case of coupling only the x-

component, i.e., setting ky ¼ 0 ¼ kz in Eq. (2) while kx is var-

ied from zero to higher values. We quantify synchronization

of each components by calculating the RMS error of the

component-wise difference of master and slave trajectories,

and also the total RMS error. For continuous case, the slave

model synchronizes with the master within a very short time.

Solid lines in Figs. 2(a) and 2(b) show the RMS errors in

FIG. 1. Two Chua attractors for the system in Eq. (1). Inset shows the large

attractor, which represents the diverging dynamics, along with the above

two attractors.

FIG. 2. RMS errors in the x-component (top) and the total RMS error (bot-

tom) when x-component was observed. In both these plots as well as in Fig.

4, thick solid line is for continuous time synchronization while dashed, thin

solid, and gray lines are for cases with Tobs ¼ 2:0� 10�5; 5:0� 10�5, and

7:0� 10�5 s, respectively. The y- and z-components also show similar quali-

tative behavior. Note that RMS error above approximately 0.5 indicates loss

of synchronization.
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x-component and total errors, respectively. They show that

the system started synchronizing around kx � 0:005 and

achieved full synchronization around kx � 0:03 as the RMS

errors are almost zero. The system remained in synchronized

state even at higher values of kx.

Synchronization with x-component observations at dis-

crete time is shown in Fig. 2. In this figure, the dashed-lines

show the RMS errors when x-observation were recorded

with Tobs ¼ 2:0� 10�5 s, which is approximately 18 times

less than tk. The figure also shows that the model started syn-

chronizing around kx ¼ 0:18 with the observations and

achieved full synchronization around kx > 0:5. For kx > 2:5,
model diverges from the observations. So, the range of the

coupling kx for which there is synchrony has become finite

when observations were taken at a finite interval. Synchrony

is also clear from the plots of x and y time series of the

observed trajectories and slave trajectories shown in Fig. 3.

They show that the slave model (black lines) gets perfectly

synchronized with the observational trajectory (gray lines).

Note that RMS error above approximately 0.5 indicates

a loss of synchronization, hence effectively synchronization

is obtained only for the first two of these cases, i.e., continu-

ous time observations and with Tobs ¼ 2:0� 10�5 s.

Black thin solid lines [Fig. 2] show the RMS errors,

when the observations were taken with Tobs ¼ 5:0� 10�5 s

(� 1
7
tk). In this case, errors decreased slowly with kx and

showed partial synchronization only in a very small range of

kx around kx � 1:7. The time series at kx ¼ 1:74 in plots (c)

and (d) of Fig. 3 shows such partial synchrony between the

observed trajectory (gray lines) and the slave model (black

line) for Tobs ¼ 5:0� 10�5 s. The behaviour of the z-compo-

nent was similar to that of the y. For Tobs ¼ 7:0� 10�5 s, the

RMS error is least around kx ¼ 1:19, but even in this case, it

is far from being synchronized. These results show that Tobs

is an important factor in synchronization that must be consid-

ered in DA experiments.

When y-component was observed, i.e., when we set

kx ¼ 0 ¼ kz and vary ky, the model showed synchrony for dif-

ferent range of ky than that was for x observations. In Fig. 4,

the solid lines show the RMS errors in (a) x-component and

(b) total RMS error for continuous observation case. Around

ky ¼ 0:2, the model achieved synchrony and remains in this

state even at higher values of ky. For Tobs ¼ 2:0� 10�5 s

(dashed lines), slave system achieved full synchronization

around ky ¼ 0:53 and remains synchronized for 0:53 <
ky < 2:22. When Tobs ¼ 5:0� 10�5s (thin solid), the synchro-

nization region shifts to 1:14 < ky < 2:72. Similar to x-obser-

vation case, there is no synchronization for the y-observation

with Tobs ¼ 7:0� 10�5s (gray line) and above. Thus, we see

that the y-component is a more dominant dynamical variable

than the x-component.

When model was coupled with master through z-observa-

tions (kx ¼ 0 ¼ ky), there was no synchronization even for the

continuous observations case. Panel (a) of Fig 5 shows the

RMS errors in x (solid line), y (dashed line), and z (dotted

line) components as kz is varied. This is also clear from the

plots of x, y, and z time series of the master (gray) and slave

(solid) shown in panels (b), (c), and (d), respectively. The dif-

ference between the master (solid line) and slave (dotted line)

is also clear from the attractors shown in Fig. 6. A possible ex-

planation for not having synchronization with z coupling is

that this variable may not contain sufficient information about

the dynamics. Hence, in the current regime of the Chua sys-

tem, x and y contain useful information for synchronization,

but not the z-component.10 Finally, as the model did not show

any synchrony for continuous case, obviously we did not get

any synchrony with discrete time observations either.

FIG. 3. First and second columns represent the x and y components of the

slave model trajectories (solid line) and observed trajectories (gray line) at

kx ¼ 1:74 for the observations taken at Tobs ¼ 2:0� 10�5 (top) and

5:0� 10�5 (bottom). For Tobs ¼ 2:0� 10�5, slave and observed trajectories

are almost identical. Note that the jumps in x-component and in y-derivative

are because of the d-functions in Eq. (2).

FIG. 4. RMS errors in the x-component (top) and the total RMS error (bot-

tom) when x-component was observed. The lines are for same Tobs as

described in Fig. 2. Comparing the RMS error for Tobs ¼ 5:0� 10�5 s (thin

solid lines) in this figure and in Fig. 2, we see that y-observations are more

informative than the x-observations.
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B. Synchronization with noisy observations

To study the effect of noise on synchronization, we added

noise to the x-component of observation with Tobs ¼ 2:0
�10�5s, which is used in Sec. III A, and repeated the same

experiments. We have not performed any experiments with

noisy continuous time observations, since we are only consid-

ering deterministic models.

In Figs. 7(a) and 7(b), the solid lines represent the RMS

errors in x-component and total error, respectively, when

added noise intensity is D¼ 2%. In this case, we got syn-

chrony in the range of 0:66 < kx < 2:1, and the model started

desynchronizing around kx ¼ 2:1 as shown in Fig. 7. So, the

noisy observations squeeze the k range further. With increase

in D, overall range remained almost same. In Fig. 7, solid,

dashed, dotted, dashed-dotted, and gray lines are the RMS

errors when D¼ 10%, 20%, 30%, and 40%, respectively.

Effect of the noise is also clear from the time series

plots. Fig. 8 shows the time series of the observation (thin

solid line) and slave trajectories for D¼ 10% (thick gray)

and 40% (thick solid line). They show that the deviation of

FIG. 5. (a) RMS errors in x (solid), y (dashed), and z-component (dotted

line) when z-component was observed continuously in time, showing that

there is no synchronization when z is observed. Time series of slave (gray)

and master (black line) at kz ¼ 1:2 is shown in (b) x, (c) y, and (d) z. The x-

and y-components of the slave have been multiplied by factors of 20 and

0.5, respectively, after subtracting mean, in order to see the comparison

clearly.

FIG. 6. Attractors of the master (solid black) and slave system (dotted line)

when z was observed. The structures of these attractors are clearly different

from each other.

FIG. 7. RMS error of synchronization when noisy x-component observa-

tions with Tobs ¼ 2:0� 10�5 are coupled to the slave model: (a) RMS error

in x-component and (b) total RMS error. The solid, dashed, dotted, dashed-

dotted, and gray lines represent the RMS errors for noise levels D¼ 2%,

10%, 20%, 30%, and 40%, respectively.

FIG. 8. Time series of the observed trajectory (thin black), and the slave tra-

jectories coupled to observations with D¼ 10% (thick gray) and 40% (thick

black) noise with Tobs ¼ 2:0� 10�5s. The noisy observations with D¼ 40%

are also shown (stars).
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the slave trajectories from the observed one increases with

increasing noise level. But, z-component deviate lesser than

x and y-component (not shown). It is also observed that the

RMS errors increases almost linearly (not shown here) with

increases in D.

C. Prediction with truths and noisy observation

In this section, we consider the use of the slave model

for prediction. This is done in the following manner. We

couple the observations with the slave system through Eq.

(2) for a long time period, in particular, until tcoup ¼ 10 ms

in our numerical experiments. Then, we switch off the cou-

pling, i.e., use Eq. (1) for the slave beyond this time. The

RMS errors described below are calculated over varying

time periods, which are called the forecast horizons tfh. We

present the results for x-observations with Tobs ¼ 2:0� 10�5

and Tobs ¼ 5:0� 10�5, since larger Tobs do not show any

synchronization.

FIG. 9. Prediction RMS errors in the x-component

for different tfh when x was observed without noise

with Tobs ¼ 2:0� 10�5 (top) and Tobs ¼ 5:0� 10�5

(bottom). Plots in the right column are the zoomed

version of the boxed regions of the left plots. In each

plot, the thick solid, gray, dotted, dash-dotted, and

thin solid lines show the prediction RMS errors

when tfh ¼
1
10
tk; tk; 5tk; 10tk, and 50tk, respectively.

(Plots are smoothed using 10 points moving

average.)

FIG. 10. Prediction RMS errors in the x-component

for different tfh when x was observed with noise lev-

els D¼ 6% (top) and D¼ 10% (bottom) with

Tobs ¼ 2:0� 10�5. Plots in the right column are the

zoomed version of the boxed regions of the left

plots. In each plot, the thick solid, gray, dotted,

dash-dotted, and thin solid lines show the prediction

RMS errors when tfh ¼
1
10
tk; tk; 5tk; 10tk, and 50tk,

respectively. (Plots are smoothed using 10 points

moving average.)
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In Fig. 9, the prediction RMS errors in x-component has

been shown for the range of 0 < kx < 5. The y- and z-com-

ponents follow the same qualitative trend. Thick-solid, gray,

dotted, dash-dotted, and thin solid lines in Fig. 9 are the

RMS errors for tfh ¼
1
10
tk; tk; 5tk; 10tk, and 50tk respectively,

where boxed regions of Fig. 9(a) has been zoomed in Fig.

9(a0). We see that for tfh ¼
1
10
tk; tk; 5tk; and 10tk slave system

predicts well, i.e., the RMS errors are small, but when

tfh > 10tk prediction diverges from true trajectory. Fig. 9(a0)

[thin solid line] shows that RMS error at tfh ¼ 50tk is signifi-

cantly large. Fig. 11(a) show that slave model becomes com-

pletely uncorrelated with the master around tfh ¼ 40tk.

Another important observation from our numerical

experiments is that the forecast horizon for which the slave

shows small RMS error with respect to the master is highly

dependent on the state of the system at which the coupling is

turned off. This is because the uncertainty growth rate is dif-

ferent on different parts of the attractor.40

When noisy observations are coupled with the slave sys-

tem, the divergence of the slave from the master is rapid,

once the coupling is switched off. Fig. 10 shows errors in x-

components when noise with intensity D¼ 6% (top panels)

and 10% (bottom panels) is added to the observations. We

have seen that for tfh �
1
5
tk (not shown in figure), there is a

range of coupling constants for which the prediction RMS

error is small enough to give good prediction. For larger tfh,

the slave model becomes uncorrelated with the master, and

predictions cannot be obtained. This is the case for both

cases of the observations with 6% and 10% noise. Diver-

gence is also clear from the difference of xobs � x time series

of with 6% of noise [Fig. 11(b)] and 10% of noise [Fig.

11(c)], respectively.

IV. CONCLUSION

This paper is devoted to the study of discrete-time uni-

directional synchronization, with specific emphasis on

aspects, which are of relevance to data assimilation prob-

lems. In particular, we consider the observations of a sys-

tem, in this case, the chaotic Chua system of Eq. (1) to be

the master coupled unidirectionally to the slave system of

Eq. (2) and examine how the slave system synchronizes

with the master as we change various characteristics of the

observations. The main discussion is focused on studying

the effects of changing observational period, i.e., the time

between the observations Tobs and observational noise lev-

els D. Some of the main results as well as directions for

future research which we are currently pursuing are dis-

cussed below.

We obtained synchronization with continuous time

observations of the x- and y-components of the system, but

not with z-component observations. When discrete observa-

tions with finite Tobs were used, Chua model showed syn-

chrony for a finite range of coupling constants, and this

range decreases with increase in Tobs and noisy observations.

The study also shows that the system shows synchrony only

when the observations were taken with Tobs much less than tk
(almost 1

7
tk) while for larger Tobs, there is no synchronization

between the master and the slave.

In many cases of practical interest in earth sciences, data

assimilation is used as a tool to improve prediction of the

observed as well as unobserved components of the system.

With this in mind, we also study the prediction errors over dif-

ferent forecast horizons after the coupling between the obser-

vations and the slave is turned off. We see that in the cases

when synchronization errors are small, the prediction errors

even for forecast horizons far beyond the Lyapunov timescale

are small. This happens only for the case of observations,

which are not noisy. When using observations even with a

very small noise, the slightly higher synchronization errors

coupled with chaotic nature of the system lead to loss of pre-

dictive power over forecast horizons, which are a fraction of

the Lyapunov timescale. These results indicate that the associ-

ation of the Lyapunov exponent with predictability horizons

has limited use.40 These results also show the limitations of

discrete-time synchronization with noisy observations and the

importance of the study of other data assimilation techniques,

which systematically take into account the noise in the

observations.

In synchronization choice of coupling, constant k is

merely ad hoc and depends on a particular application. In

case of data assimilation using similar techniques, e.g., nudg-

ing,21 the choice of k can be interpreted in terms of varia-

tional approach. In particular, Ref. 21 shows, using the

variational approach, that the optimal coupling constant is

inversely proportional to observational noise covariance:

k ~R�1, where R is the covariance matrix of observational

errors. As the range of k on which model shows synchrony

depends mainly on observed component and noise, we are

investigating the possibility that a similar formulation may

also be possible for synchronization to choose the appropri-

ate k. We will also be comparing the synchronization based

FIG. 11. Difference between the observed and the predicted trajectories,

when the coupling is switched off at t¼ 10 ms. Top panel (a) is for the case

of observations with no noise, and the bottom panels (b) and (c) are for the

case with noisy observations with intensity D¼ 6% and D¼ 10%,

respectively.
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methods with data assimilation techniques such as the en-

semble Kalman filter6 and Bayesian methods.41

Another ongoing investigation is to study the perform-

ance of these methods in the chaotic Chua model using real

data from the circuit.34 This study will give us an insight

about the choice of coupling constants and observational

time period, the effects of observational noise as well as of

the errors in the numerical model.
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