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ABSTRACT For orthogonal wavelets, alpha should be equal to k so that

Wavelet transformation has been applied to various problems
of system identification. In this paper, a wavelet based
approach for the identification of time-invariant system is
proposed. In this approach, mother wavelet is used for
excitation to find the impulse response, which can be
estimated at half the available number of points of the
sampled output sequence. This method has been compared
with some other standard techniques such as frequency chirp,
coherence function and inverse filtering. In chirp method,
wideband excitation such as frequency chirp is used.
Frequency response is obtained as the DFT of the output of
the system for time-domain input. Inverse method uses SVD
function to find pseudoinverse. Coherence function has been
used to identify the system using MATLAB function
tfestimate. The performances of the methods are demonstrated
by means of experimental investigation.
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1. INTRODUCTION

Many engineering applications need a compact and accurate
description of system’s behavior. Various methods for the
system identification has been developed in last recent years.
Some of the techniques are given in[1],[2]. Wavelets have
been applied for non-linear[3-9])/parametric as well as time-
varying system[9-13]. Wavelet transformation provides time-
scale information of a signal. It has applications like signal
detection, adaptive filtering, image processing, denoising,
compression[14-18]. In case of time-invariant, it is very
difficult to find relation between Discrete Wavelet Transform
(DWT) and time-invariant signals, because DWTs are not
time-invariant. Here, mother wavelet has been used to excite
the SUT. DWT of output of SUT will give the impulse
response of that system. Wavelet method has been compared
with basic methods. This paper is focused on a wavelet based
approach for the identification of time-invariant systems.

2. WAVELET METHOD

Assignal is represented by following equation
f(t)=k2 am Wim®, kkm ez Q)
,m

Above eqn is called wavelet in which ayxn, is called Discrete
Parameter Wavelet Transform (DPWT). DPWT is computed
by the following equation:

am =] TOFPm®dt= 1), Fn@®) . @)
According to above equation, DPWT is an inner product of
the signal and the corresponding wavelet. If the signal f(t) and

analyzing wavelet have same wavelet, ie.
f(t)= Yo p (t) then coefficients of the DPWT of f(t) are as
& m= Tap (t):lyk,m(t) . ®)

coefficients do not vanish.

Analysis of the signal corresponds to a multiresolution
decomposition of a particular form that allows perfect
reconstruction of the signal under certain conditions. For
perfect reconstruction, the synthesis filters g(n) and h(n)
corresponding to the decomposition filters h(n) and g(n) must
satisfy QMFs conditions. These conditions yield two
equations:

o(t) = 2>g(n) (2t —n), 4)
F(t) = 22h(n) ¢(2t—n), ®)

which are the scaling and wavelet equations, respectively.
Here h(n) is not the impulse response of the SUT. The factor
of 2 is a scaling or normalizing term.

For time invariant source filter model, the output signal is the
convolution of the source signal x(t) and the filter impulse
response h(t):

y®=/x(x)h(t-1)dr (6)
The DPWT of y(t) is then

m= jj‘{’k'm(t) x(t)h(t-1)drdt.

It can be calculated as

B = Ah[—m_B]. @)

Where A = BC.B is constant and C is constant of integration.
The impulse response can be expressed in terms of wavelet
coefficients as

h[ﬂ] _Am+P
k) A

Impulse responses can be computed for different values of k,
such as k<0,k>0,k=0. If k<0, then the impulse

response is decimated by 2K For example, if k=-1 and S
coefficients are computed, the impulse response values are
(setting B = 0 for simplicity):

a0 ay a2 a3 as
h(0) = —=,h(2) = —=,h(4) =—=,h(6) = —=,...,h(2S) = —=,
{()A()A()A()A ()A}
Thus, aliasing can occur if k is not well chosen. Alternatively,
if k>0, then it is the sequence of wavelet coefficient values
(rather than the impulse response) that is decimated. For
example, if k= 1,the impulse response values are(again with

B=0):

{h(O) = al—/f,h(l) = alj’\z, h(2)= a% h(3) = alTﬁ h@ :ale}‘

Where¢ = 2[S/2]. A minor concern here is that many wavelet
coefficients are not used to determine the impulse response,
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wasting computation time and memory somewhat. In
addition, since only the finite number of S wavelet
coefficients were obtained in practice, to achieve a good
estimate of the impulse response, the later should decay to

Zero over 2_k S samples. This sequence is much shorter than
the number of available samples S, again wasting resources. It
seems that the best choice of k= a is zero. In some sense, this
is intuitively evident, since it corresponds to choice of the
mother wavelet as the source signal.
K=0 is the best choice to estimate impulse response as
h(m) = 20mB ®)
A
Then, the frequency characteristic of the SUT is simply the
Discrete Fourier Transform (DFT) of the DPWT coefficients
for k=0:
S-1 .

H(n) :i 3 aO’erBe—ZnJmn/S_ ©)

Am=o0
In summary, an attractive approach to system identification is
to excite the SUT with some time-compact function satisfying
the orthogonality condition (5), whereupon the system
impulse (or frequency) response should be recoverable from
the coefficients of the wavelet transform of the output, using
the form of the input excitation as the wavelet transform
analyzing function.
The continuous analysis above carries over to the discrete
case as follows:
DWT synthesis:

y(n) = 2 a m¥im(n),
k,m

DWT analysis:
& m =2 Y(N)¥y m(n),
n

Scaling (dyadic):
Wi m(n) = BY(2Xn+m).
The coefficients of the DWT are given by the discrete wavelet

version of Eq. (7), which has precisely the same form as
before:

m-p
WLEY
2k
and by the previous argument, k= 0 is the best choice to
prevent aliasing without wasting resources.

2.1 System Identification Using Discrete
Wavelet Transform

excit" Y (n)=h(n)*x(n)

< SuT DWT [ —han)

Analyzing function

Fig 1.system identification with discrete wavelet transform

SUT is excited by some input to produce output sequence
y(n). we then take the DWT of the output signal using the
input itself as the analyzing function. Then according to the
discrete-time version of Eq. (7), the system impulse response
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(and hence the frequency response) can be estimated directly
from the DWT coefficients, ag .

3. RESULT AND DISCUSSION

Wavelet method

Two excitations have been taken to verify the utility of the
method and chebysheviiir, 10th-order high pass filter with 20
db ripple has been taken as system under test (SUT).
Excitations are :

1
\/5 , n=0
1

N
0, otherwise,

1-y3 3-y33-3 1-8
N7 I RN /RN ¢]

Response of chebyshev high pass
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Fig 2. Frequency Response of chebyshev high pass filter
using wavelet (Haar and Daubechies) method

Frequency response of chebyshev high pass filter is shown in
above figure using a 256-point Fast Fourier Transform
(FFT),so that the system response is identified at 128 points.
From fig. it can be seen that the Haar and Daubechies
excitations give very good identification

4. COMPARISON WITH
CONVENTIONAL SYSTEM
IDENTIFICATION METHODS

4.1 Chirp method

Identification can be achieved using a wideband excitation
such as fregueney chirp (swept sinuoid). Frequency response
is obtained as the Discrete Fourier Transform of the output of
the system for such a time-domain input. For low pass filter
responses, this method works well but a chirp signal has poor
high frequency content and this affects the identification.
Below fig. shows the identification of the chebyshev high pass
filter response by wavelet based method and chirp method
using a 256-point FFT and the DFT. The superiority of the
wavelet identification is easily apparent.
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Response of chebyshev high pass
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Fig 3.Response of chebyshev high pass filter using chirp
and daubechies (wavelet) methods.

4.2 Inverse filtering method

Response of chebyshev high pass
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Fig 4. Response of chebyshev high pass filter using inverse
filtering and daubechies (proposed) methods.

The pseudoinverse is found by singular value decomposition
using MATLAB function svd. The input excitation for the
SVD identification was a pseudorandom sequence of length
1000 samples (truncated to 512 points for subsequent FFT
processing to find the system function). SVD minimizes the
squared error between the output sequence and the
convolution of the input with the identified system response.
Figure shows the comparison of the wavelet based method
with time-domain SVD for our example Chebyshev high-pass
filter. Here, the wavelet-based method outperforms SVD for
identification in the pass band and remains reasonable
provided we do not extend too far into the stop band. SVD
identification could be made as good as the wavelet-based
method by using the full rank of the matrices. However, this
takes quite a long time to perform (several minutes with a Sun
Ultrasparc as opposed to less than a second for the proposed
method).
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4.3 Coherence method

Coherence equation has been used to identify the Chebyshev
high-pass filter using MATLAB function tfe (transfer function
estimate) from the signal processing toolbox. The input
excitation for the coherence identification was a
pseudorandom sequence of 10,000 samples (truncated to 512
points for subsequent FFT processing to find the system
function). Figure shows the comparative results, with the
wavelet-based method gain proving superior.

Response of chebyshev high pass
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Fig 5. Response of chebyshev high pass filter using
coherence method and daubechies (proposed)
methods.

5. CONCLUSION
Comparing chirp method, inverse filtering and coherence
method and taking frequency response of system as reference,
inverse filtering is found to be more suitable for system
identification. However, it takes a long time to perform.
For wavelet method, Mother Wavelet is used for excitation for
SUT. Mother wavelet also acts as analyzing function for
Discrete Wavelet Transform (DWT). Impulse response is
achieved by converting the output in wavelet transform at half
the available number of points of sampled output sequence.
Wavelet method is compared with basic methods named
as chirp method, inverse filtering and coherence method.
Identification has been carried out for infinite impulse
response system and identified that wavelet based method is
better than other methods.
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