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Abstrac #—The identification of nonlinear time-varying systems using linear-in-the-parameter
models is investigated. A new efficient Common Modd Structure Selection (CMSS)
algorithm is proposed to select a common model structure. The main idea and key procedure

is. Firgt, generate K+1 data sets (the first K data sets are used for training, and the

(K+1)th one is used for testing) using an online sliding window method; then detect

significant model terms to form a common model structure which fits over all the K
training data sets using the new proposed CMSS approach. Finally, estimate and refine the
time-varying parameters for the identified common-structured model using a Recursive Least
Squares (RLS) parameter estimation method. The new method can effectively detect and
adaptively track the transient variation of nonstationary signals. Two examples are presented

toillustrate the effectiveness of the new approach including an application to an EEG data set.

Index terms—Time-varying common structure (TVCS) model, CMSS agorithm, recursive
least squares (RLS) algorithm, nonlinear time-varying system identification, parameter

estimation, online sliding window, EEG
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|. INTRODUCTION

Many processes in engineering systems and the biomedical field exhibit both
time-varying and nonlinear behaviours. The identification of mathematical models of
dynamical nonlinear systemsis vital in many fields. The procedure of system identification is
to construct mathematical models using observed data. The developed mathematical models
from neural networks, fuzzy or regressive models can be applied to study the behaviour of the
underlying system as well as for supervision, fault detection, prediction, and model-based
control. A variety of system identification techniques have been developed for dynamic
process modelling. However, the majority of physical and biomedical systems contain
complex nonlinear relationships which can include nonlinearities and chaotic behaviour,
which are difficult to model with conventional techniques.

During recent years, much attention has been devoted to the problem of identification of
time-varying systems. In many practical cases, the system parameters are unknown and are
time varying. When the system is given in state-space form, a classical approach consists of
applying Kalman filter based algorithms for estimation of time-varying parameters [1]-[4].
The application of the recursive least squares agorithm to the estimation of nonlinear system
parameters, often requires the nonlinear model outputs to be expressed linearly in terms of the
unknown parameters. A discussion about performance of recursive least squares identification
and related adaptive control schemes can be found in [5]-[9]. Neura networks and Markov
chain Monte Carlo based identification strategies are also discussed in [10]. Recently, a robust
identification and control algorithm with time-varying parameter perturbations has been
proposed in [11], where the nonlinear model outputs are expressed linearly in terms of the
unknown parameters. Peng et al. [12] introduced parameter estimation methods based on a
radial basis functions (RBF) neuronal predictor.

Although different approaches have been investigated in [13]-[16] for nonlinear system
state estimation, only partia and quite weak results have been obtained in terms of
time-varying function approximation and time-varying parameter estimation. Estimation of

the states using artificial neural networks (ANN) has been presented in [17].



The main contribution of this paper is the introduction of a new Time-Varying
Common-Structured (TVCS) modelling scheme as a solution to the time-varying nonlinear
systems identification problem, where the selection of the common model structure is the
critical step throughout the modelling procedure. A new efficient Common Model Structure
Selection (CMSS) algorithm is investigated to select a common model structure using an
online dliding window approach. Once the common-structured model has been determined,
relevant time-varying model parameters can then be estimated using a RLS algorithm. The
novel study of common-structured model identification is particularly useful for engineering
system design and control, where only a fixed common model structure is involved but with
time-varying parameters. A TVCS model can be used to track fast transient variations of
time-varying parameter properties and study the performance of the behaviour of the
underlying dynamical systems. The TVCS model is different from the traditional Multi-Input
and Multi-Output (MIMO) model structure, where each subsystem model may not need to
share the same common model structure and which often involves one single data set. A
simulated example and an application to real EEG data are included to demonstrate the

performance of the new method.

I1. The TIME-VARYING LINEAR-IN-THE-PARAMETER
REGRESSION MODEL

The identification problem of a nonlinear dynamical system is based on the observed

input-output data {u(t),y(t)} , where u(t) and y(t) are the observations of the system

t
input and output, respectively [18]. This study considers a class of discrete stochastic
nonlinear systems which can be represented by the following nonlinear autoregressive with

eXogenous inputs (NARX) structure below [19]-[22]:
y(t)= f(y(t—l),---,y(t—ny),u(t—1),---,u(t—nu),9)+e(t), (1)
where u(t) and y(t) arethe systeminput and output variables, respectively, n, and n,

are the maximum input and output |ags, respectively, f(+) isthe unknown system mapping,



and the observation noise e(t) is an uncorrelated zero mean noise sequence providing that
the function f(s) gives a sufficient description of the system. X(t)=[y(t-1), -,
y(t — ny),u(t -1),---,u(t-n, )T denotes the system ‘input’ (predictor) vector with a known
dimension d = n,+n,, and & isan unknown parameter vector. The NARX model (1) isa

special case of the polynomial NARMAX model that takes the form below [23]-[25]
y(t)=f {y(t—l),~~~,y(t—ny),u(t—l),m,u(t—nu),
e(t-1),--,e(t-n,); 0} +e(t)
The NARMAX model (2) was developed and discussed in [13]-[14].

: (2)

The non-linear mapping f (+) of (1) can be constructed using a class of local or global

basis functions including radial basis functions (RBF), kernel functions, neural networks,
multiresolution wavelet such as B-splines and different types of polynomials such as the
Chebyshev and Legendre types [13], [26]-[36]. The polynomial mode representation of a

nonlinear time-varying NARX is represented below
d d d
y(t)=6+2.6,(1)x, (1)+ 2. 2.6, (1)x, ()X, (t)

(t)+e(t)

h [} h

N

d d d ! (3)
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=l ig=igy k=1
where 6, isaconstant term, and er-id (t) are time-varying parameters and
y(t—k) 1<k<n,
X (t)= (4)

u(t—(k—ny)) n,+1<k<d’
The degree of a multivariate polynomial is defined as the highest order amongst the terms. If
the number of regressorsis m and the maximum polynomial degree is A, the number of

parameters (number of polynomial terms) is

(A+d)!
LU TR T ©

For large lags n, and n,, the regresson model (1) often involves a large number of

candidate model terms, even if the nonlinear degree A is not very high. For example, if

d=10 and A=3, then n,, =286. Modelling experience has shown that an initial

(t)



candidate model with a large number of candidate model terms can often be drastically
reduced by including in the final model only the effectively selected significant model terms.
The main motivation of the present study is to select significant common-structured model
terms to form a parsimonious common model structure which generalises well [37].

The polynomial NARX model of time-varying linear-in-the-parameter can now be

formulated as [38]

M

V(1) =360 (1) (1) +e(t) = " (1)0 (1) +et). ®

m=1

where M is the total number of candidate regressors. ¢, (t)=4¢,(X(t)) (m=1---,M) are
nonlinear functions (they do not contain parameters) and 6, (t) (m=1---,M) representsthe

model time-varying parameters. (p(t):|:¢1(X(t)),---,¢M (x(t))]T and O(t) are the
associated regressor and parameter vectors, respectively. It is should be noted that in most
cases the initial full regression Eq. (6) might be highly redundant. Some of the regressors or
model terms can be removed from the initial regression equation without any effect on the
predictive capability of the model, and this elimination of the redundant regressors usualy
improves the model performance [39]-[40]. For most nonlinear dynamical system
identification problems, only a relatively small number of model terms are commonly
required in the regression model. Thus an efficient model term selection algorithm is highly

desirable to detect and select the most significant regressors.

1. TVCSMODEL IDENTIFICATION

The CMSS agorithm is a criticd sep in TVCS identification. Once the
common-structured model has been identified, relevant model parameters for each data set
can then be estimated, and the transient properties of the model parameters on the associated
data set can thus be deduced. The identification procedure for TVCS models contains the
following steps:

Sep 1) Data acquisition. For an origina N -sample observationa input-output data

D, ={u(t).y(t)},, the K+1 datasets can be obtained by using an online



sliding window of length W, with 50% overlap, where the parameter K +1
isequal to [N/(W/2)]-1, and [x] denotes taking the upper integer part of
the variable X. Note that the window of length W was chosen to satisfy the
recommended minimum sample size determination discussed in [41].

Step 2) CMSSalgorithm. Thiswill be described in detail in section § B below.

Step 3) Model parameter estimation. The parameters for the TIVCS model can be easily

calculated using Eq. (25). The parameters for the TV CS model can be estimated

using a recursive agorithm for each data window of the (K +1)th data sets.

The transient properties of the observational data can thus be deduced by the

transient parameter values for the associated data set.
A. The multiple regression model
Assume that atotal of (K +1) data sets (wherethefirst K represent the training data

sets, and the last data set is used as atest data set) obtained by the online diding window have
been carried out on the same system. Also, assume that a common model structure of EqQ. (6)

can be best fit to all the training data sets. Denote the observed input-output sequences for the

k th data set by DNk={uk(t),yk(t)}tN:1 for k=12--K+1. Thus the K th ‘input’

(predictor) vector is represented by X, (t)=[ %, (t),-+%q (t)]T =[yI< (t-1), -y (t-n,).

U (t-1),u (t-n,)] . Assume that al the K data sets can be represented using a

common model structure for the different parameters, then the initial candidate multiple

regression model can be formulated as[25]

t)=i9k,m¢m(x t))+6 Z wPem () +6 (1), (7)

m=1 m=1

where the parameters 6, ., in Eq. (7) are time-independent constants, Eq. (7) will be called

the time-invariant common structure (TIVCS) model. If the parameters 6, are

time-dependent, the time-varying common structure (TVCS) model is represented by

M

=iek,m(t)¢m( t)+& (1) =D O (t) dm (t) +& (), 8)

m=1



where g (t)=d,(X,(t)) for k=12---K, m=12.--M, and t=12--,N, . The
representation of Eq. (8) using a compact matrix form can be expressed as
Y, =90, +E,, 9)

T

where Ykz[yk(l)f'"yk(Nk)]T’ ®k:[ek,l(t)"“’ek,M(t)JT’ EKZI:Q((].),'-',Q((NK)] )
and O, =[P | With @ =[Ben(D) hem(N)] for k=12-,K and
m=12,---,M .

B. The common model structure selection (CMSS) algorithm

In this subsection, a new CMSS algorithm, which can be regarded as an extension of the
orthogonal forward regression (EOFR) algorithms ([14], [42]) will be developed to select a

common-structured sparse model from the multiple regression shown in Eq. (7) and (8). Let

| ={1,2,---,M}, and denote D={¢,,:mel} asthedictionary of candidate model terms for

an initially chosen candidate common model structure which fits to all the K regression

models given by Eq. (7) and (8). For the k th data set, the dictionary D can be used to form

a dual dictionary ¥, ={g,,,:mel}, note that the mth candidate basis vector ¢, ,, is
formed by the m th candidate model term $,€D ,  namely,
(pkym=[¢m(xk(1),---,¢m(xk(Nk)))]T for k=12---,K . Thus the CMSS problem is
equivalent to finding a subset {4, .4, .4, | =D (normallyn<M ) from the dictionary
D={¢,:mel} . So tha Y, (k=12--,K) can be approximated using a linear
combination of regressionterms {g, , .+, ,, } =¥, below

Y =0,()@, ++6. (D), +E (10)
The CMSS algorithm selects significant model terms in a forward stepwise way, one model
term at each search step. Let r,,=Y, for (k=12--,K). For k=12--- K, and

i=12,---,M, caculate



errl (ki , (12)
( ) (Y-I[Yk)(q)-kr|¢k|)
and define
1& 070
Q:&Q@{E;ar[](k,|)}, (12)

Note that err!™ (k,i) in Eq. (11) can be explained as the error reduction ratio (ERR) that is

introduced by including the mth basis vector ¢, , =@, , intothe kth regresson model,

a detailed description of ERR can be seen Chen et al., [13] and Billings et d., [43]. The first

significant common mode! term can be selected asthe p,thelement, ¢, € D from Eq. (11)
and (12). Thus the first significant basis vector for the Kk th regression model is «, , = P.py

and the associated orthogonal basis vector can be chosen as 0 ; = ¢, , . For the first step

search, the model residual for the K th regression model is defined by

Yi G,

L (13)
qk,lqk 1

Nei=To

Generaly, the mth significant model term of K th regression model ¢k,pm can be chosen by
the following steps. It is assumed that at the (m—1)th step, (m-1) significant model
terms, namely, {@,1,---,¢1<’W1} , have been selected. Let {akll,---,ak’m} be the associated
basis vectors for the k th regression model, and assume that the (m—1) selected bases have

been transformed into a new group of orthogonal bases {qkyl,---,qkym} via a modified

Gram-Schmidt orthogonal transformation. Let

m S Ae' .
§<,i] = D _z - k’qu,p’ led,, (14

T
p=1 qk,qu,p

where J ={i:1<i<M,i=pA<t<m-1, for k=12--,K and ieJ , caculate

(is?)
(v )|(<7) 4]

err[m](k,i): (15)



and define

p,=a max{ Zerr[m kl} (16)

L|<M
Similar to errl (k i) defined by Eq. (11), the errl (k i) given by Eqg. (15) is an
indicator which shows the correlation dependence of Y, on il , and the most significant
common vectors can be determined by maximising (16). The mth significant common
model term can then be chosen as the p,,th element, ¢, € D. Thus the mth significant

basis vector for the kth regression model is &, =, , and the associated orthogonal

basis vector can be selected as q, , = s[KmF])m . For the mth step search, the model residual for
the kth regression model isformulated as

VG
IFk,m = r.k,m—l qkkmcll(k - qk m? (17)

Similaly err™ (k, p,) given by Eq. (12), the errl (k P,,) can be explained as the error
reduction ratio (ERR) that is introduced by including the mth basis vector o, =,

into the kth regression model. By maximising the sum of the ERR values for all the K

data sets, the criterion (16) guarantees that the variation of the outputsin al the K data sets

can be explained by including the model term ¢pm, with the highest percentage, compared

with choosing any other candidate model term ¢ € D . The quantity

AERR=— Zerr K, )+ (18)

isreferred to asthe mth average error reduction ratio (AERR). The criterion (18) provides a

way to select significant vectors one by one. Once the first (m-1) basis vectors
{akyl,---,ak,m} have been determined, and the associate orthogonal vectors

{qk_l,---,qk'm} can be obtained, then these (m—1) vectors together with the m th vector

m]

Oy m = Py, » @nd the associated orthogonal vector Q, ., =S,

can explain the variation in

-10-



the outputs of the K datasets with a higher percentage, compared with any other candidate
vectors. This step-by-step forward selection agorithm is a non-exhaustive search approach,

which usually produces satisfactory and nearly optimal results, see for example [25], [38].
From Eq. (17), the vectors 1, . and q,,, areorthogonal, then

g, )
e =

by respectively summing Eq. (18) and (19) for m from1to n(generdly n<« M ), yields

Y ankm O + e (20)
m=1 qk mHk,m
2 2_( e n) B (qukm)z

Hrk'n - Hrk,nil ‘ qk nqk n - ” “ ” ; qz,mqk,m , (21)

From Eq. (20) and (21), the model residua T, can be used to form a criterion for model

term selection, and the search procedure will be terminated at the n th step if the norm

‘o 22)

s

is satisfied. This produces a parsimonious model containing N regressors.
An appropriate value for & is problem dependent and must be learned empirically.

Alternatively, the generalized cross-validation (GCV) criterion [28] can be adopted to
terminate the CMSS procedure. Specidly, for the | -term model, the GCV of single

regression model is defined as

where z=max{l, pN} and 0< p <0.01. Asaruleof thumb, it was suggested [44] that a

good choice for g is to use a value from the range of 5<x<10. The average GCV

(AGCV) isformulated by

K
AGCV (1) = %Z (24)

k=1
where GCv¥ (I) is the value for the GCV criterion associated to the kth data set. If the

AGCV reaches the minimum at | =n, then the CMSS procedure is terminated, yielding an

-11-



N -term model. Instead of using the MSE criterion (21), other criteria including Approximate
Minimum Description Length (AMDL) [45], Bayesian information criteria (BIC) [46]-[48]

can a so be adopted for the CM SS procedure.
C. Parameter estimation
For the TIVCS model (7), it is easy to verify that the relationship between the selected
bases {g .+, } <, and the associated orthogonal bases {gj,,++,G,} . for the
k th data set, is shown as
Acn = QunRen: (25

where A :[%,pp‘“a(!’k,pn] Qcn is an Ny xn matrix with orthogonal columns g,
Oz "+ 0cnr-@nd R isan nxn unit upper triangular matrix whose entries are cal cul ated
during the orthogonalisation procedure. The unknown time-invariant parameter vector in Eq.
(7), denoted by 6, , = [ekyl,--.,ek,nf , for the regression with respect to the origina vectors,

can be calculated from the triangular equation R .6, , =L, with L = [kal,---, Len i :

where %:(rgwlqkym)/(q;mqkym) for m=12,--,n.
For TVCS model of Eqg. (8), it is also easy to calculate the value of the unknown

time-dependent parameters by recursive least squares. For the kth diding window data set,

the estimation of 6, ,(t) in Eq. (8) can be obtained by

B (1) = B (t=2)+ Gy (6) (Vi (8) — ol (1) (£-1)). (26)
where
G (6)= Pen () (6)= Pen (=) (02 610 (DR, (-0 () . (20
and
Pen () =(1 =00 (O, (0) R (1= @

where g, ,(t) is the Kalman gain vector of the kth window data set, and R, (t) isthe

inverse of the input correlation matrix ¢, (t) in Eq. (8), and A is called the forgetting

factor (0< A <£1).

-12-



V. CASE STUDY

Two examples are provided to illustrate the applicability and effectiveness of the
proposed TVCS modd identification procedure. The data used in the first example are
simulated from a nonstationary model. The objective is to illustrate that the effectiveness of
the novel TVCS model approach to deal with severdly nonstationary processes. The second

example involves areal-world modelling problem of EEG data.

A. Example 1. Smulation data

Prior to applying the proposed TV CS modelling approach to real EEG data, an artificia

time-varying signal was considered. The signal below was simulated

7
y(t)=> Acos(2zft+g,), (29)
i=1
WhereAz[L},},l,},i,i} f =[50,150, 250,350,450,600,750], initial phase shift g, = -,
35791113 2

and sample timet is 0.08 second, respectively. The above signal was sampled with a
sampling interval 0.0001, and thus a total of 800 observations shown in Figure 1(a) were
obtained. A Gaussian white noise sequence, with mean zero and variance of 0.04, was then
added to the 800 data points.

The objective is to identify a TVCS model, and then the transient dynamical properties

of the analytical signa can be deduced from the time-varying parameters. Denote the system

output sequences using {y(t)}tN:l, with N = 800. The online diding window of length W =
200 is applied to obtain the K =N /(W/2)—l= 7 data sets. Here from the properties of the

simulation signa, the dliding window length should be chosen as W = 200, with 50%
overlap. Six training data sets numbered y01 to y06 shown in Figure 1(b) were used for the
common-structured model identification, and the 7" data set was used to test the performance

of the identified model. The predictor vector for al the common-structured models was
chosen to be X(t):[xl(t),---,xs(t)]T, where x (t)=y(t-k) for k=1---,5. The initia

common structure for all the six training data sets was chosen to be a NAR model below

-13-



y(t):e0+2a>g(t)+isljziei,jx(t)xj (t)+e(t), (30)
This candidate model involves atotal of 21 candidate model terms from Eqg. (5). Based on the
candidate common model structure, the novel CM SS agorithm was applied to the six training
data sets. The AGCV criterion, shown in Figure 2, suggests that a common model structure,
with six model terms, is preferred. The six selected common model terms, ranked in order of
significance are shown in Table 1. Now consider the performance of the identified model,
whose parameters are determined by Eq. (25) and Table 1. The 7" test data set, which has
never been used in the identification procedure, was applied to test the performance of the

identified model. Figure 3 presents a comparison between the Model Predicted Output (MPO)

and the origind measurements. Note that the MPO is defined as
9(t)=f(y(t-1),~-9(t-5)), implying that Y(t) is produced from the identified model

iteratively. Note that the model predicted output (MPO) can reveal severe model deficiencies
which would otherwise go undetected by one-step-ahead predictions.
To quantitatively measure the identified models, the normalized root mean squared error

(RMSE) is defined asfollows:

1 Mg y(t)_y(t)uz
Nea & Jy(of

RMSE = (31)

where N, is the data sliding window length of the (K +1)th test data set, ¥(t) is the

predicted value from the identified model. The RMSE criteriain Eg. (31) can also be provided
to select a proper sliding window of length W provided that the RMSE value is very small.
The value for RMSE, for the identified models, over the test data set, was calculated as
RMSE = 2.2051%. Clearly the identified model provides an excellent presentation for the
test data set.

The TVCS model was thus represented by

y(t)=6(t)+

G ()y(t—i)+05(t)y(t-2)y(t-3)+e(t), (32)

4
=1
where the parameter (t) depends on the data sets from the sliding window. The

-14-



parameters can be directly estimated using the RLS agorithm. Figure 4 shows the estimated
values for @(t) for the test data set given in Figure 3 using the RLS algorithm with a

forgetting factor of 0.98. The time-varying coefficients estimates in Figure 4 can give more
transient information, for example, there are two clear abrupt changes of the estimated
coefficients at sample index interval from 60 to 80, and from 100 to 120, respectively, which
show that the original signal shown in Figure 3 undergoes transient changes. Furthermore, the
proposed method can also track variation of each training data block dynamically, for
example, Figure 5(b) shows the rapid change of coefficient estimation at about sample index
100, which implies that the original training data block changed at about sample index 100.

The results discussed above are show that the CMSS agorithm is effective.

Table 1 Identification results for the simulation data with
the CM SS algorithm for NAR model representation

Step Model term Parameters for test data sets AERR(%)

Data0l Data02 Data03 Data04 Data05 Data06
1 y(t-1 0.4662 0.4884 04401 04930 04304 0.5612 88.3984
2 y(t-3) 0.3078 0.2663 0.2249 0.2770 0.3887 0.2567 1.5840
3 y(t-2) 0.2279 0.1766 01830 0.2274 0.3187 0.2176 0.4903
4 y(t-4) 0.2096 0.2385 0.1769 0.0665 0.0159 0.0406 0.0667
5 Const -0.0790 0.0224 -0.1046 0.0075 -0.0586 0.0108 0.0118
6

y(t-2)y(t-3) 0.1098 -0.0246 0.1577 -0.0033 0.0803 -0.0053 0.0826

where RM SE is 2.2051%.

B. Example 2: modelling EEG Data

Scalp EEG signals are synchronous discharges from cerebral neurons detected by
electrodes attached to the scalp. The EEG signals discussed here were recorded with the same
32-channel amplifier system. An XLTEK 32 channel headbox (Excel-Tech Ltd) with the
international 10-20 electrode placement system was used in the Sheffield Teaching Hospitals
NHS Foundation Trust, Royal Hallamshire Hospital, UK. The sampling frequency of the

device was 500 Hz. Symmetrical two channels (F3, located over the left superior frontal area

-15-



of the brain and F4, located over the same area on the right) of EEG recorded from a patient
with absence seizure epileptic discharge is investigated in this example, where Channel F3 is
the signal input and Channel F4 is the signal output, the main reason is that the phase of
Channel F4 isrelated to the phase of channel F3. The input-output EEG signals of N = 3000
data points pairs of one seizure, which are for a sort of epileptic seizure activity of a patient,
with a sampling rate of 500 Hz, recording during 6 seconds, were obtained.

Similar to the previous simulation example, the objective is to identify a TVCS model
which can be used to analyse transient properties of EEG signals and dynamically track the
variation of the EEG signals using an online sliding window approach. Simulation results
have shown that, the choice of sliding window of length W = 600 data points, gives good
model identified results. So the parameter K was set to equal to 9. The first 8 datasets will
be considered as training data sets, shown in Figure 6, for the model identification, and the 9"
test data set which has never been used in the identification procedure was then used to test

the performance of the identified model. Denote the system input and output sequence using

DNz{u(t),y(t)}L with N = 3000 data pars. The predictor vector for al the

common-structured models was chosen to be X (t) =[x, (t),-+, X, (t)]T , Where x(t)=y(t-k)
for k=12---5 and x(t)=u(t—k+5) for k=6,7,---,10. Theinitia candidate common

model structure for all the 8 training data sets was chosen to be a NARX model below
10 10 10
y(t)=¢90+iZ:1:9i +iz_l:jz_;¢9i,j>g(t)xj (t)+e(t), (33)
This candidate model involves a total of 66 candidate model terms. Based on the candidate
common model structure, the new CMSS algorithm was applied to the 8 training data sets.
The AGCV index, shown in Figure 7, suggests that a common model structure, with 8 model

terms is preferred. The 8 selected common model terms, ranked in order of the significance,

are shown in Table 2. The TIVCS model for the 8 training data sets was represented by

V(1) =6+ 3 0Y(t-i) +u(t-1)

+6,y(t-5)u(t-1)+&,y(t—5)u(t-5)+e(t)

: (34)

To inspect the performance of the identified model (34), the model was ssimulated using the
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test data set. The output from the model (34) was then compared with the corresponding
measurements. Figure 8 shows a comparison between the model output and the associated
measurements. The normalized root-mean-square-error (RMSE), with respect to the test data
set, was calculated to RMSE = 0.2755%. Clearly, the TIVCS model provides an excellent

representation for the test data set.

Table 2 Identification results for the EEG data with
the CM SS algorithm for NARX model representation

Step  Model term Parameters for test data sets AERR(%)
Data0l Data02 Data03 Data04 Data05 Data06 Data07 Data08
1 YD 19106 18059 1.8513 17979 14649 12045 13323 17458  97.1551
2 Y=2) 13804 12020 -13627 -12635 -0.7640 -04772 -05121 -1.1687  1.0140
3 y(t-9) 0.6155 0.6372 0.6665 05496 0.3049 0.2344 0.2097 05779 0.0688
4 y(t-4) -02304 -02151 -0.2299 -0.1315 -0.0542 -0.0761 -0.0250 -0.1549 0.0381
5 y(t-5)u(t-1)-0.0001-0.0001 -0.0001 -0.0002 -0.0003 -0.0003 -0.0005 -0.0003  0.0149
6 Const 29959 -6.7214-95099 -5.8357 -53187 -2.9343 16203 -0.3837 0.0138
7 u(t-1) 0.0283 0.0344 0.0433 0.0291 0.0288 0.0079 -0.0164 -0.0049  0.0371
8y(t-5)u(t-5) 0.0001 0.0001 0.0001 0.0002 00004 00004  0.005 0.0004 0.0351
where RMSE is 0.2755%.
Thus the TVCS model can be represented by
4
y(t)=00(t)+26?i(t)y(t—i)+6?5(t)u(t—1) -
i=1 ’

+6,(t)y(t-5)u(t-1)+6,(t) y(t—5)u(t—5)+e(t)
where the parameter H(t) is time-dependent. The time-varying parameters can directly be
estimated using the RLS agorithm. In Figure 9, the estimated values for #(t), corresponding

to the original test data block given in Figure 8, using the RLS algorithm with a forgetting
factor of 0.98, are shown and reveal the abrupt changes of coefficient estimation which takes
place at sample index from 100 to 150, and about 450, respectively. These estimation results

reveal the transient information in the origina EEG data block. Similar to the previous
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example 1 discussed above, the proposed method can also be applied to track the variation of
EEG data dynamicaly. For example, in Figure 10(a), the time-varying coefficients are
estimated using a RLS algorithm with a forgetting factor of 0.98, corresponding to the EEG
training data block ‘output 2’ given in Figure 10(a), where the estimation results clearly reveal
that abrupt changes have taken place at sample index from 300 to 350, and about 500,
respectively. These estimated results above can be applied for feature extraction and

classification of EEG data which will be discussed in later publications.

V. CONCLUSIONS

The application of the new common model structure selection (CMSS) approach
involves two critical steps: model term selection and model parameter estimation. When the
CMSS agorithm is applied in model structure selection, a multiple regression search
procedure, over a number of partitioned data sets, is performed. Initially the implementation
of a multiple search appears to be very complex. But the introduction of the new multiple
orthogonal regression search agorithm provides an attractive solution to this problem. It
should be noted that the computational complexity of the CMSS algorithm depends on the

K datasets, where the parameter K depends on the sampled datalength N and the dliding

window of length W (K =N/(W/2)-1). The choice of the sliding window of length W

depends on the properties of the observational data. The true model structure of the
underlying system will in many cases be unknown and only the input and output observations
are available. But the algorithms derived in this study show that a common model structure
can be deduced from the available observations. In the two examples, polynomial models
were employed to form the common-structured models. However, it should be noted that the
CMSS approach can aso be applied to any other parametric or non-parametric modelling
problems where the initial full models can be written as a linear-in-the-parameters
representation.

The TVCS model can be applied to analyze and reflect the transient properties of
nonstationary signals including EEG recordings, and to dynamically track the variation of the

nonstationary EEG signals using the online sliding window approach. The main purpose of
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this study at this stage is focused on parametric modelling, which forms the basis of some
important developments for further application in medical applications including EEG data
modelling, analysis, and feature extraction. For example, the time-varying parameter results
estimated from the TVCS model can not only provide the transient local information of the
EEG signals, but can also be applied in nonlinear time-dependent parametric spectral analysis
in the frequency domain to extract more features from EEG signals, so that the results can be
further applied for EEG data feature extraction, classification and diagnostic tasks. This work

will be reported future studies.
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