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ABSTRACT

Rajeev Agarwal

Auditory evoked Brainstem Response (ABR) audiometry is used to determine
certain aspects of hearing capacity of an individual. Because ABRs are highly marred by
the background electroencephalographic (EEG) activity, some means of signal processing
is required to enhance these ABRs from the measured waveforms.

ABRs can be modelled as two sinusoidal components at around 500 and 1000 Hz.
Using this knowledge, it is possible to use Constrained Adaptive Notch Filters (CANFs)
as line enhancers, i.e. IR-ALEs. When such IIR filters are implemented in the direct
form, problems associated with local minima are inherent. In this thesis, it is shown how
this local minima problem is dealt with, to improve the performance of CANFs. To deal
with the short nature of the data, two mcdified algorithms based on the cascade
implementation are presented. Validity of these algorithms is shown via simulation results.
Application of these algorithms to real data are shown to have very encouraging results.

A clinically important parameter of ABRs is their latencies relative to the stimulus
intensity level. Latency or time delay can be detected using Generalized Cross Correlators
(GCCs). One section of this thesis will explore the detection of time delays for short data,
with emphasis on the Maximum Likelihood GCC. Results of real ABR data latency

detection are shown to be not better than the visual inspection.
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Chapter 1

Introduction

Evoked responses are a type of non-behavioural testing tool that has gained
widespread acceptability over the last several years. Because it is a non-invasive technique
and does not require subject cooperation, it is ideally suited for patients not easily testable
by behavioural means. One type of evoked responses falls in the category of Auditory
evoked Brainstem Response (ABR); they are used to assess a patient’s hearing capacity.
Because ABR are recorded without subject cooperation, this technique is ideally suited
for infants, comatose and mentally handicapped.

ABRs are a form of electoencephlographic (EEG) recordings, difference being that
they are zcquired in a controlled manner. As the name suggests, ABRs are obtained by
applying a known auditory stimulus to the ear and then measuring the transient response
of the brain using surface electrodes pasted to the scalp. The response is a set of peaks
and valleys in the 10 ms window at the onset of the application of the stimulus. Thus, if
a subject does not hear the auditory stimulus, the response will not conform to the
standard pattern and the deduction is hearing loss for that intensity level stimulus. In this
manner, a clinician may acquire a set of waveforms at different stimulus intensity levels
and determine the level of hearing loss (hearing threshold). There are other byproduct

results from this type of testing, such as possible tumour detection.




As the stimulus intensity is decreased, the recorded response is expected to be
latent with decreased signal energy. By acquiring these responses at various intensity
levels, it is possible to generate a Latency-Intensity (LI) curve. If this curve deviates from
the accepted standards, then it is an indication to possible development of a tumour in the
auditory tract.

Having described the idea of ABR audiometry, it is important to understand the
drawbacks or problems associated with this type of non-behavioural testing. Surface
electrodes not only pick up the desired evoked response, but also pick up all the
background EEG. The power of the background EEG can be as high as 200 times greater
than the desired response. Thus, a major signal processing task is the extraction or
enhancement of the evoked response from the noise (background EEG) when SNR is
much less than O dB.

Audiology literature is rich ir the techniques used to extract the elicited response.
However, none have proven to be satisfactory. Even with the existence of the plethora of
signal processing techniques, the most widely used technique in clinical evaluation of the
acquired responses is still the visual inspection of the waveforms. One can immediately
appreciate the lack of consistency between testers. The problem can then be defined for
our purposes as the extraction of ABR from the evoked EEG recordings.

Through various studies over the years, the ABR spectra has been postulated to
be containing three narrowband (NB) components, two of which (centred around 500 and
1000 Hz) are of importance in this study. The model can then be considered as two NB
components immersed in assumed block stationary noise. The problem at hand now can

be reformulated as sinusoid or NB signal enhancement.
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In the last several years Infinite-Impulse Response Constrained Adaptive Notch
Filters (IIR-CANFs) have been considered for the above NB component
enhancement/suppression problem by various people. It has attracted attention due to its
robustness and computational efficiency as compared to the standard Finite-Impulse
Response Adaptive Line Enhancers (FIR-ALEs).

The existing studies of IIR-CANF are all based on the assumption of large
observation intervals. The scope of this work is to study IIR-CANFs for short data and
then use it in the application of ABR audiometry. In this work cascade realizations of the
IIR-CANF are explored, and it is shown how improved performance over the Direct Form
realization for the short data case can be obtained. Guaranteed convergence of cascade
realization of second order CANFs is also shown. Two other implementations based on
second order cascade realizations are shown to have further improved results.

Latency of the ABRs is directly proportional to the stimulus intensity
levels. An ABR obtained at suprathreshold intensity (stimulus intensity much higher than
the hearing threshold) is used as a reference, then all subsequent ABRs for lower intensity
will yield a response delayed by a finite amount of time. Thus, pairing each ABR with
the reference ABR, the estimating the latency is simply a problem of time delay
estimation.

A classical method of estimating time delay between two similar signals is cross
correlation; performance can be improved by multiplying the two signals by a frequency
weighting function depending on SNR, prior to cross correlation. Resulting estimators are

known as Generalized Cross Correlators (GCCs). The weighting function is generally
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estimated from the received signals. Thus, after extraction of the ABRs using IIR-CANFs,
we may be able to determine the inter-intensity latencies using GCCs.

The following describes the breakdown of this thesis by chapters:
Chapter 2 will cover the theory of the classical method of cross correlation to estimate
time delays between two signals. The improved Generalized Cross Correlators (GCCs)
will be presented, with an emphasis on the Maximum Likelihood cross correlator.
Chapter 3 will start with a general discussion of the IR filter formulation and then cover
the theoretical background of the IIR-CANFs. Formulation of its structure, two different
parameterizations as well as the adaptive schemes will be developed. The performance
of the CANFs will also be discussed.
Chapter 4 will describe alternate realizations of the IIR-CANFs. It is attempted to study
the behaviour of the error or energy surfaces of various realization of the CANFs.
Emphasis is placed on modifications to obtain improved results for short data.
Chapter 5 will cover the simulation study of the various GCCs and the different
realizations of the CANFs presented in the previous chapters, for short data.
Chapter 6 discusses in detail the concept of Auditory evoked Brainstem Responses as
used in the hearing assessment of individuals. Currently used techniques in the clinical
assessment of hearing loss are also presented. It is attempted to familiarize the reader with
this biomedical application.
Chapter 7 will present the results of using CANFs and GCC in the assessment of hearing
loss using real data.
Chapter 8 will conclude this study of CANFs, GCCs and their application in the ABR

audiometry environment.



Chapter 2

Time Delay Estimation Using Cross Correlation

Estimation of time delay between a noise corrupted signal received at two spatially
removed sensors has attracted a great deal of attention in recent years, This time delay,
in the arrival of signal, has many applications. One such application is in the area of
audiology. It is the detection of latency in the auditory evoked response of the midbrain
at different stimulus intensity levels. This latency vs. intensity curve can then be used for
the clinical diagnosis of the hearing [1]. A discussion on the use of this idea in the
audiological assessment will be deferred to the chapter on application in the area of
Auditory Evoked Brainstem Response. In this chapter, the concept of general time delay
estimation using Cross Correlation will be discussed. More efficient Generalized Cross
Correlation algorithms will also be presented with a particular emphasis on the Maximum

Likelihood processor.

2.1 Cross Correlation

Cross Correlation (CC) is a technique that is frequently used in the quantitative
as well as the qualitative measurements in digital signal processing, examples of which
are the above time delay estimation and the detection of signals buried in noise,
respectively. Correlation techniques are most often used when the signals are
contaminated by noise or if there is no knowledge of the transfer function. Correlation can

be regarded as a relationship between two signals x(t) and y(t), as shown in Fig. 2.1. Fig.




2.1a shows an input/output relationship and Fig. 2.1b shows s(t) received as x(t) and y(t)
at two spatially separated sensors, respectively. The term relationship refers to how the
input x(t) is affected at the output y(t) by the transmission path. It can be viewed as a
measure of the path. Here, we are interested in measuring the time delay caused by the

system (whether the system can or cannot be characterized) at the output [2].

source, s(t)

x(t) y(td )
— HCwW) —— .
SENSOR 1
y(td
SENSIR 2

(a) ()

Figure 2.1. (a) Input/Output relationship of x(t) and
y(t); (b) source signal s(t) received as x(t) and y(t) at
spatial.y removed sensors.

Consider the signals x(t) and y(t) of Fig. 2.2, where y(t) is a delayed version of
x(t). One may consider, them to be input/output signal of a linear system or one signal
measured at two spatially separated sensors in Fig. 2.1. The following simplified model

can then be formulated as

X - SO+ m
YO - astt-D) + no), @D




where ny(t) and n,(t) are noise signals uncorrelated with the source signal, s(t).
The estimate of the relationship between x(t) and y(t) over the observation interval,

T, is given by the Cross Correlation function [3]

R (v)=E {x(Oy(t+1)}, 2.2)

where R, (<) is the cross correlation function of x(t) and y(t) and t is a new variable
defining the lag between x(t) and y(t). When the cross correlation function is a high value
for some ¢, the two signals of concern are said to be highly related or similar and when
the value approaches 0 than they are said to be not related. If one considers sliding the
signal y(t) along the time axis (i.e. varying the lag <) then it is easy to visualize that the
maximum value of the CC function will occur when the lag, ©, between the two signals
is equal to the value of the delay, D. Thus, the time delay between the two signals can

be estimated as the lag that causes the CC function to achieve the maximum value [4].

(T

yit> 4

Figure 2.2. (a) x(t):; (b) y(t), the delayed signal
x(t): (c) cross correlation of x(t) and y(t).
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Performance of Cross Correlation

The CC defined by Eq 2.2 assumes that a joint probability density function is
available to calculate R, (). However, in practice, only a finite duration of the signal is
available (in the interval [0,T]). In this case, the CC function is approximated by its
instantaneous values under the assumption that x(t) and y(t) are jointly ergodic processes

over the observation interval [0,T] as [3,4]

r
R - 2 [xopes )t @3)
0

where the hat over R,, indicates an estimated value.

The true value of the CC function is represented by R, (). It is desirable that the
expected value (or the statistical mean) of R, (<) equals R, (t) without any error, i.e that
the proposed estimator is unbiased. If, E[I?,,(t)] # R,(7), then the bias is defined as

[4,5]

R, ()] - E{R ()} - R,(%) = E{R(x)-R (D). 24)

For the considered situation

T T
E{R ()} - E{% fx(t)y(tﬂ)dt’ - Z[Etxtoyes D
) 0 2.5)

T
1
- ;{R,,(r)dz - R (%)



Thus, the proposed estimator given by Eq 2.3 is unbiased. For a fixed value of T, an
unbiased estimate of R,(<), does not imply that K,,(+) will be close to the true value
R,,(z). It may also happen that as T is increased, the bias may not decrease [4]. To
analyze such a case, the mean square error (mse), is defined to be the expected value of

square of the deviation of the estimate from true value, that is [4]

mse = E{R (x)-R ()} 26)

As the observation interval T is increased, it is desirable that mse approach zero. Thus,
if

lim mse _lm E{R (x)-R ()7} - 0 @7

T-o T~ o
then the estimate is termed consistent [5). For the non asymptotic case ( the limited
observation interval T), if the mse approaches a minimum theoretical lower bound -
usually the Cramer-Rao Lower bound, described later in this chapter - we speak of the

tightness or the efficiency of the estimator.

2.2 Generalized Cross Correlation

In the previous section it was described how Cross Correlation can be used to
estimate the time delay. An improvement in the accuracy of the time delay estimation can
be achieved by using a more efficient Generalized Cross Correlator, (GCC). GCC is
simply a Cross Correlator with its inputs x(t) and y(t) being prefiltered as is shown in Fig.
2.3. The prefilters, H,(f) and H,(f) of x(t) and y(t), respectively, are selected to accentuate
the signal at frequencies where the signal to noise ratio (SNR) is the highest and

simultaneously suppress noise [6).
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x(t) X(t)
—1 H, (M

L H e ﬁ’-{ DELAY

PEAX | 9§

()2 — f()dt = mnc[q_

Figure 2.3. Generalized Cross Correlator.

Cross power spectral density (PSD) between the outputs of the prefilters in Fig. 2.3 is

given as [7]

S4Af) = H(NH; (NS () = WS, (), 2.8
where W(f) is the equivalent frequency weighting function and S, (f) is the cross PSD of
x(t) and y(t) and the * indicates complex conjugate. Now, the GCC is the inverse Fourier

transform of S,.,(£) [6,7],

Rofx) = [Saff e tdf = [Wf)S, (FePdf . 29)

Due to the finite observation interval, only an estimate of S,,(f) of the input data is
available. Hence, only an estimate of R,.,.(t) is used in practice. Since the prefilters
accentuate the input signal at frequencies where SNR is the highest, thus, to choose the
prefilters, a priori knowledge of the input spectra is necessary. As this is usually not
available in practice, an estimate of the prefilters (or the frequency weighting function,

W(f)) must also be utilized. For good resolution, the prefilters should be chosen such that

-10 -



the resulting GCC has large sharp peaks. Table 2.1 lists the processors that will be
discussed in this chapter; the Roth and SCOT processors will be briefly described, while

the remainder of the chapter will be devoted to the Maximum Likelihood processor.

Table 2.1. Frequency weighting functions for
the various GCCs.

Processor Name | Weighting Function, W(f)

Cross Correlation (CC)

ROTH

SCOoT

2.2.1 The Roth Processor

The Roth processor is an ad hoc prefilter that has the desired feature of
suppressing the frequencies where the noise spectrum is large and the cross spectrum of
the input is more likely to be erroneous (i.e. low SNR cases). The proposed Roth

processor is given as the inverse of the PSD of the signal x(t) as [2],

1
wf) - m (2.10)

- 11 -
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where the superscript R denotes Roth processor. The auto and cross PSDs of x(t) anc y(t)

are defined as

S = §,0)+5,,0N)
S,0) = €S, 0N+S, () @.11)
5,0 = aS (e r®

Using Eq 2.10 as WX(f), the Roth GCC can now be written as

Xy - [0 o
Ryy(%) Ishe df
(2.12)
- ,,s-(f),-nw

“Iso- S

BRrfegdf

The rationale for dividing the cross PSD, S,,(f), by the PSD of x(t) (S,,(f)) is that this
technique has an intaitive meaning when the model of Fig. 2.1a is used. It can be
considered as the impulse response of the linear input/output relationship of x(t) and y(t),
which in certain situations has a higher resolution than the cross-correlation techniques.
When there is no such model, then there is no justificaion for this normalization. One
might, therefore, be puzzled as to whether the PSD of y(t) should be used for the
weighting of S,,(f) [2,8]. From Eq 2.12, it can be seen that the Roth processor has the

desirable feature of suppressing those frequency bands corresponding to large Spyn, (£) 5

where §,,(f) is more likely to be erroneous. A technique that favours neither 1/S,(f) or

1/5,,(f) as the weighting function is described in the next section [6].
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2.2.2 The Smooth Coherence Transform (SCOT)

In the Roth processor of the previous section, it is necessary to choose the
frequency weighting function as the PSD of either x(t) or y(t). The errors in §,,(f) may

be due to frequency bands where Sp,n, (£) is large as wells as bands where s, , (£)

is large. One, therefore, has to make a choice between WR(f) = 1/S,,(f) or 1/5,,(f). For
this reason, another ad hoc processor, SCOT, is motivated from the Roth processor. It

‘favours neither of the two signals [6,8). It selects

1

W) » ————— (2.13)
\/S,(f DS,
Thus, giving the SCOT GCC as
R0 - [ 2 ey (2.14)

‘e SOS

where the superscript S is used to denote SCOT. With H,(f) = [S,,()]™ and H(f) =

[S,,(N]"?, the SCOT processor can be viewed as a prewhitening filter [5,6].

2.2.3 The Maximum Likelihood Processor (ML)

In order to make the derivation of the ML estimator mathematically tractable, it
is necessary to assume all the signal components (i.c. s(t), n,(t) and n,(t)) of model of Eq
2.1 have a gaussian distribution.

The received signals, x(t) and y(t), with a finite observation time interval, can be

represented as Fourier Coefficients in the frequecncy domain as [6,9]
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where @, =kw, are the discrete frequencies, while w, (= 2% /T) being the fundamental
frequency. The Fourier Coefficients (FCs), X(k) and Y(k), can be arranged in a stacked

vector form represented by

R(1)
_|R@ _|X@® 2.16)
R ) where R(k) [Y( k)]'
R(N),

Under the assumption that the observation time is large, compared to the delay plus the
correlation time, the FCs corresponding to different frequencies are uncorrelated [6]. Thus,

a diagonal form of the covariance matrix can be ebtained as

. %D [Sn(k) )
E{RR") = Q, - where Q) = | |
oM 5.0 5,0

2.17)

where H represents the complex conjugate transposition. Thus, the entries of the
covariance matrix, Q, represent the auto and cross PSD values of signals x(t) and y(t)
evaluated at discrete frequencies. Qg can be considered to be a diagonal matrix with sub-
matrices as its elements. The cross terms of the sub-matrices are functions of the delay,

D, as shown in Eq 2.18
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Sy 5 )
Q- _lT_ (2.18)

S Sy Me’
| S,(Ne™? 5.

Since Fourier transform is a linear operation, it follows that FCs are also gaussian. Hence,

the conditional probability can be written as [5]

-1 g Q k) 3
PRD) - L TR PUO 3 2.19)

VZx1Q,l
Therefore, in order to obtain the maximum likelihood delay estimate, D, , it is necessary

to maximize p(R/D) with respect to D [5]. C in Eq 2.19 can be made to be independent

of D (see Appendix A), thus, it is only necessary to minimize J, such that

nblin D) . p, (2.20)

Using the convergence theory of Fourier transform and under the assumption that the
observation time is larger than the comelation time, the summation in Eq. 2.19 can be

written as [6)

JD) - [R¥¢YQ;"Rf)f @21
J can be further written as J = J, + J;, where J, is independent of D and is +’ve and J; is

(see Appendix B)
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J; = -2T
> = 21 IS,001 1 -1y, (FHP

2.22)

IS_(HI?
where Y"(f) - 3:(%);—6

Now, it is only necessary to minimize J, in order for J to be minimized. We, thus, choose

iy o [ 5N) WDl pn 225
B = [ i *2

as the Maximum Likelihood GCC such that Eq 2.22 achieves a sharp peak [6,9].

Therefore, the ML processor has the following frequency weighting function [6,9]

ly, ()2
wiargy - L _ToV7 (2.24)
" IS,(N1 1-ly, (O

Performance of Maximum Likelihood Estimator

The effectiveness of an estimator can be expressed in terms of bias and variance.
Since a priori knowledge is limited in most cases, the evaluation of the bias and the
variance represents a difficult task. An alternate form of evaluation of the estimator per-
formance is to compute a lower bound for the variance (being confident that the estimator
is an unbiased one) and then compare the performance against it [5,10]. One such bound,
that is used to describe the performance of an unbiased estimator, is the Cramer-Rao
lower bound (CRLB). The performance of the ML estimate can be described by the
CRLB because it is an efficient estimate when the observation time is large [5]. To see
this, the variance of the time delay (within the neighbourhood of some true delay) of
GCC with an arbitrary weighting function, W(f), is given by [6)
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[WOPR @S -1, (T df
var(D) - == . (2.25)

T [ @nf RIS NI

Substituting the weighting function, W(f), equal to WM(f) of Eq 2.24 in this expression,

results in Eq 2.26, which is exactly the considerd CRLB [6].

- -1
ML) - |21 h f—L —df . (2.26)
var (D) !;(21tf)z'¥,,(f) [l'|Y,,(f)|24

v ion of B
For model of Eq 2.1, with a = 1, the MSC (ly,, (£)1?) can be written as

2
ls"ml (2.27)
(5.0) + 5,0F

ly P -

Thus,

ly (P2 _ S (?

- z - (2.28)
Yo Sa) + 285,()S. (N

Now, considering the evaluation of the CRLB (Eq 2.26), for the case of source signal
having a flat Power Spectral Density (PSD) over the signal bandwidth and the two noise
signals and the source signal being mutuaily uncorrelated, the MSC is constant over the

signal bandwidth and zero elsewhere. Thus, dividing the numerator and the denominator

of Eq 2.28 by S:n (£) and removing the dependence on frequency, yields,
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where S = S _(f), N= S _(f) and S/N = SNR, denotes the signal to noise ratio.

Substituting Eq 2.29 in Eq 2.26 and evaluating the integral results in the desired closed

form expression for the CRLB for this case,

oty - 3 1+2SNR_1 230)

8Tw* SN (£ - 1)

2.3 Comparison of Processors

Up to now various different processors for time delay estimation were briefly
described. A particular emphasis was placed on the Maximum Likelihood estimator. In
this section, the ML estimator will be compared to the other estimators. Since good time
delay estimation is most difficult under low SNR, the comparisons will be done under this

assumption, that is,

50 <1 and Sl

S"n’h(f) S“z"z(f)

<1 (2.31)

For the purpose of comparison the value of &, in Eq 2.1, is chosen to be 1. Under these
assumptions the Roth, SCOT, and the Maximum Likelihood processors can be rewritten

as Eqs 2.32, 2,33, and 2.34, respectively.

1 1
W) ) or 5o (232)
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W) - 1 (2.33)

{2500, )

Suf)
W) - —= 234
S D5

Comparing the Roth and the ML processor, it is seen that ML processor is a Roth

processor with an additional weighting depending on SNR:

Sa() wXr) or Sa() W) (2.35)

WYKf) -
S"l"l S%(f)

Similarly, ML processor can be represented as the SCOT processor with additional

weighting depending on SNR, see Eq 2.36.

S
W) - =) W) (2.36)

BI85 0

Comparing, the ML processor to the other two processors in Eqs 2.35 and 2.36,

it is seen that ML is equivalent to all three with additional weighting based on the SNR.
And thus, in this way it removes certain restrictions or shortfalls of the other three
processors. In the Roth weighting, a choice has to made with respect to which of the two
signals to use in the weighting, the SCOT processor as with Roth displays the spreading
(or broadening) ~f the correlation function. All of these existing problems are minimized
with the Maximum Likelihood processor leading to a minimum variance estimate, as is

apparent from the simulation study in chapter 5.

-19 .-



2.4 References

1. W. Woodsworth, S. Reisman, A.B. Fontaine, " The detection of auditory
evoked responses using a matched filter," IEEE Trans. Biomedical Eng.,
vol. 36, p.81, 1970.

2. P.R. Roth, " Effective measurements using signal analysis,” IEEE Spectrum,
vol. 8, p. 62, Apr. 1971.

'
H
!
t
¥

3. A. Papoulis, Signal Analysis, McGraw Hill, 1977,

: 4. J.S. Bendat and A.G. Piersol, Measurement and Analysis of Random Data,
§« Wiley, 1966.

5. H.L. Van Trees, Detection, Estimation, and Modulation Theory, Part I
Wiley, 1968.

6. C.H. Knapp and G.C. Carter, "The Generalized correlation method for
estimation of time delay,” IEEE Trans. Acoust. Speech and Signal Processing,
vol. ASSP-24, p. 320, 1976.

7. A. Papoulis, Probability, Random Variable and Stochastic Processes, McGraw
Hill, 1966.

8. G.C. Carter, A H. Nuttall and P.G. Cable, " The Smooth Coherence Transform,"
IEEE Proceedings, October 1973.

9. M. Wax, " The estimation of time delay between two signals with random relative
phase shift," IEEE Trans. Acoust, Speech and Signal Processing, vol. A3SP-29,
June 1981.

10. M.D. Srinath and P.K. Rajeskaran, An introduction to Statistical Signal
Processing with Applications, Wiley 1979.

-20 -




Chapter 3

Development of Constrained Adaptive
Notch Filter (CANF)

The problem of enhancement of narrowband (NB) or sinewave components in
signal processing falls in the category of Adaptive Line Enhancement (ALE). It is a
multifaceted problem, in that, an estimate of the sinewave frequency, enhancement of NB
signal immersed in broadband (BB) noise, or the tracking of signal with time varying
frequency may be desired. Applications of this kind of signal processing are numerous.
The most popular of the ALE has been the tapped-delay line structure {1] and is now
termed the finite impulse response ALE (FIR-ALE). The advantage of this type of filter
is the simplicity of the adaptive scheme. However, as the power of the noise is increased
in the observed time series, the FIR model requires large tapped delay line and thus
defeating its simple adaptive structure. This all-zero filter structure can be replaced by an
IIR filter that uses fewer number of delay elements.

This chapter will deal with the development of IIR-ALE, ax idea that has emerged
in recent years. A constrained IIR filter known as the Constrained Adaptive Notch Filter
(CANF) will be explored. The first section will give a brief overview of adaptive IIR
filters. In the following sections, the structure of a general constrained notch filter will
be developed, along with an alternate realization using minimal number of parameters.
Adaptive parameter estimation algorithms will also be derived. And finally, the

performance of this structure will be discussed.



3.1 Infinite-Impulse Response (IIR) Filter

In the last several years adaptive Infinite-Impulse-Response (IIR) filters have been
a topic of active research. They have been considered for a wide range of problems, in
areas like echo cancellation, linear prediction, channel equalization, adaptive differential
pulse code modulation, adaptive array processing and notch filteririg, just to name a few.
Application of notch filtering will be discussed in detail in the next section. Many of the
techniques used in adaptive IIR filtering have arisen from the theory of system
identification, where it is assumed that the system under investigation has a pole-zero
model [2].

IIR filters have been contemplated for the replacement of the FIR filter due to
their greater latitude in generating diverse spectral shapes [3]. An adaptive IIR filter
shows significantly better results than the adaptive FIR filter having the same number of
coefficients. This is primarily due to the fact that an infinite impulse response is attained
with a relatively small number of coefficients, whereas the FIR would require a large
number of coefficients. Frequency response can be modeled more effectively with a
pole-zero configuration than with an all zero configuration [2]. The decrease in
computations in estimating the fewer number of coefficients is the primary reason for the
advances towards the IIR filter.

When IIR filters used to represent a process have rational functions of the form,

M
Y bzt
HD) - 2‘(2 -2 G.1)
1-Y a,z*
k-1
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it is termed an autoregressive-moving average (ARMA) model [3]. Fig 3.1 depicts the
general structure of the adaptive IR filter that has the ARMA structure for the filter H(Z).
The desired response is characterized by the signal d(k), x(k) and y(k) represent the input
and the output, respectively. As can be seen, this is a time varying filter, the filter
coefficients being adjusted by the recursive algorithm to minimize some performance
criterion. That is, the recursive algorithm adjusts the coefficients such that the output
response, y(k), will simulate the desired response, d(k). To be more specific, the recursive
algorithm tries to minimize the prediction error defined by e(k) = y(k) - d(k). Some of
the common error criteria are the mean-squared error (MSE) and the least square method

that results in the recursive least square (RLS).

x¢k) )

H(Z)>

iC.

<

ADAPTIVE
ALGORITHM

elk)
oick) I

L J

Figure 3.1. General structure of an adaptive filter.
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Typically, there are two formulations of the prediction error, e(k), in Fig. 3.1.
They are the equation error and the output error. In the equation error, the coefficient ar:
updated by first updating all the zero coefficients and then copying them to the pole
section of the filter. This formulation leads to a biased estimate of coefficients. The output
error formulation on the other hand updates the coefficients directly in a pole-zero
recursive form. This method does not lead to a biased estimate; however, the coefficients
may converge to a local minima, thereby producing erroneous results. Both of these

methods are outlined in more detail next.

3.1.1 Equation Error Formulation

As mentioned above, the equation-error formulation leads to a simple recursive
algorithm. Fig 3.2 and the difference equation (Eq 3.2) describe the simple structure of
the equation-error formulation, where the subscript ¢ denotes equation error formulation.

M-1 N-1
.0 = Y b, (kxk-m)+ ¥ a, (B)d(k-m) (32)
=m0

m-l
Equation error is considered to be a two-input single-output system. From Eq 3.2, it is
seen that y,(k) is not a function of previous values of itself, it depends on delayed values
of the desired response, d(k) and the input data, x(k), which are not functions of the
coefficients. It is clearly a linear function in the parameters a(k) and b(k), thus gradient
based algorithms can be applied to recursively update the coefficients [4].
Equation-error is given by e (k) = d(k) - y.(k), it is so called because it is the
subtraction of two difference equations. Performance criterion, the mean-square equation

error (MSEE), based on prediction error, e (k) will be a quadratic surface with only a
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global minima, resulting in a unique estimate of the coefficients. In many ways the
properties of the equation-error IIR filters and FIR filters (where A(ZX) = 0, in equation

error IIR) are similar and have similar adaptive properties [5].

/

(k)
2 BZK) |- 178¢ZoR®
el CoPY
WEIGHTS
A
o) —

—— ALK —®

Y 0O
etk
+

Figure 3.2, Equation-error adaptive filter.

Figure 3.2 shows that the coefficient are estimated at each update in an all-zero form and
then are copied to the pole section of the filter. But, before the coefficients can be copied,
the inverse of 1 - A(Zk) must be monitored for stability at each instant of time. If the
zeros of 1 - A(Zk) are not within the unit circle then some method of projecting them
back in the unit circle must be used.

Equation 3.2 can be compactly written as the inner product of the parameter

vector, 0(k), and the signal vector, ¢ (k),
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y® - 07, ® 3.3)

where,

O0k) = [8,(K),(K),~say_y(K),Bo(k), By 1(R)] (3.3a)

&, (%) - [d(k-1)d(k-2),d(k~N+1)x(k)x(k- 1), x(k- M+ 1)] (3-3b)
This equation has a form of linear regression, which is commonly used in statistical
modelling, where Ocontains the parameters to be estimated and ¢, is the regression
vector containing the data. Since the regression is linear, (i.e. the data vector is

independent of the parameter to be estimated) many of the techniques used in statistical

modelling can be used to obtain the optimal parameter vector [6].

3.1.2 Output-Error Formulation
Figure 3.3 and the difference equation (Eq 3.4) describe the output-error
formulation of the direct form implementation of the adaptive IIR filter, where the

subscript o indicates output-error formulation.

N-1 M-1
Yo® = ¥ a,®y,k-m)+ ¥ b (Ox(k-m) (3.4)
m=1 m=0

Unlike the equation-error formulation, output-error formulation is a single-input
single-output system. In this formulation the coefficients are recursively updated in a
pole-zero form. Of course, as before stability monitoring is still essential and may be done

similarly as in the equation-error formulation. From Eq 3.4, it is easily seen that y (k) is
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a function of its previous values, that is, there exists feedback. This feedback greatly
influences the form and complexities of the adaptive algorithms used to find optimal

coefficients.

4

xth B(Z k) Yo (k)
1-ACZK)

| ADAPTIVE | etk
ALGORITHM Q

dck?

Figure 3.3. Output-error formulation of adaptive filter.
Now, as in equation-error formulation, Eq 3.4 can be rewritten in the form of inner

product of the parameter vector, 0, and the data vector,$,,

Y, = 87(B)d (K), (3.5)

where ¢ (k) is

b8 = D (k- 1)y, (k- 1)y, (k- N+ 1) x(k) x(k - 1), x(k-M+1)], (35a)
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and @ is as in Eq 3.3a. It is easily seen that y (k) is a nonlinear function of 6, since
Y,(k-m) depend on previous values of the coefficients, namely O(k-m), m= 1,2,....k-M-1.
Thus, the prediction error e (k) = d(k) - y,(k), is also a nonlinear function of the
parameters and the mean square output error, MSOE, will not be a quadratic surface. It
will have local minima. If gradient search algorithms are employed to find the optimal
coefficient, they may converge to one of the local minima yielding inaccurate results.
As was mentioned earlier, the adaptive output-error formulation is somewhat more
complicated than the equation-error formulation. Equation-error, the simpler formulation,
leads to an estimate of the coefficients that are biased away from the true value. It can
be shown that che bias is directly influenced by the power of the noise at the input [2].
In the more complicated formulation, there exist multiple local minima and the estimate
of the coefficients may converge to a local minima yielding erroneous results [2]. One
can then ralize the tradeoff that exists between a biased estimate and the convergence

to a local minima.

3.2 Formulation of Constrained Notch Filter

A natural course for the formulation of the CANF is in the frequency domain as
we are discriminating signals based on frequency, i.e. narrowband (NB) or broadband
(BB). To start with, all the filter requirements will be developed in the steady-state and
then the steps required to obtain appropriate filter parameters will be shown. The goal is
to achieve a filter that will reject a NB (or sinusoidal) component in the observed time
series and reveal the BB component, which can then be subtracted from the original

signal to reveal the NB component.
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The observed time series can be represented as the sum of the NB component and

noise (BB component) as

y(&) = x(k) + n(k), @3.6)

where x(k) is the undisturbed NB component and n(k) is the additive noise, sampled at
time k. In the following formulation, the two components of the observed signal, y, are

assumed to be independent. Consider x as a sum of P sinewaves

P
x(K) = Y A, sin(w, B @37
{

then, the observed signal y in frequency domain is given by the power spectral density
(PSD),

P 422
5,0) - 50 + 5,0 = 280 - 0) + 8,02 (38)
i

where S () is the PSD of the noise. Now, consider a digital filter, H(Z,8), as in Fig 3.4

with input y, where 0 is the parameter vector that characterizes the filter, much like the

weight of each tap in the FIR-ALE. The output power of such a filter, with the input y,
is defined by [7]

J@) - -2-1; [ 1Bz 6)s (o) 3.9)
L 3 = »?
IO - - [IHGOFS oMo + L [IHZOF T o}d@-0)da. (D)
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Replacing Z by e/ this can be written as

J(©) = A(©) + B(6) (3.10)
! where
y L
A®) - - [ 1, 8)PS,(w)do @3.11)
2n 7,
E and
f
1 « 2
BE) - —Y oilH( )l (3.12)
2n i
yk) i
—— H(Z,0) —
Figure 34. Digital filter H(Z, 0).
In order for the digital filter of Fig 3.4, to function as a notch filter, the output power
must be minimized with respect to the filter parameters such that the frequency response

has zeros at the sinusoidal frequencies. As can be seen from Eq. 3.10, ideally it is desired

to minimize B(0) alone, as this is the portion of the signal that we wish to eliminate at
the output. But, in the presence of noise, A(0) is also a function of 0, hence minimizing

‘ J(9) w.r.t. Owill affect the results. The effect of A(©) is proportional to the SNR, or the
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power of the noise [8]. Thus, one would expect that the contribution of noise power

affects the determination of the parameters, 0, unless special measures are taken.

One way to eliminate the affect of noise is to keep the A(6) term constant. Since

no a priori information is available about the additive noise, the filter is constrained to
have a response of unity at all frequencies other than the sinusoid frequencies, where it
will be zero as described by Eq 3.13. In this manner, the filter will have no effect on the

shape of the noise. Fig 3.5 shows the frequency response of the digital filter.

@ 0 o=-o fo 1-1,2,“-,P (3.13)
' - ! .
He9) {l otherwise
Nel'ny
v, v, rea/s)

Figure 3.5, Frequency response of the
desired CANF

Using the desired filter response of Eq 3.13 in the output power equation, (Eq
3.10), yields

J(@©) = A + B(0) (3.14a)
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JO) - = f- 5 (w)dw + z'; - |, 0)]

where it is seen that the first term, A, becomes independent of the parameter vector©
and hence minimizing J will indeed minimize B(0) only. The obtained parameter vector,
€, corresponds to an ideal notch filter, H(Z,0). Tt must be noted that the above reasoning

used for eliminating the dependence of @ in A, holds only for the ideal case. That is, as
the bandwidth of the notch becomes larger, the more effect will the noise shape have on

the parameterization, 0 [8].

3.2.1 Pole-Zero Configuration of CANF

Before any adaptive procedure for estimating the parameter vector, 6, of H(Z,0)
can be developed, a structural form of the filter must exist. That is , constraints on the
pole-zero placement exist. In order to derive this pole-zero configuration, we will start
with NB signals for x in Eq 3.1 and then take the limiting operation on the bandwidth to
yield a sum of sinusoids. A NB signal can be considered as the output of the filter

represented by the rational function [9]

- AlE-e T yE-e (3.15)

H@Z)
(Z-e7"492Z-e"""

where the zeros satisfy the following conditions:

By = (,+SNR) i =12, ,P (3.16)

“I*P - "‘l
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where P = the number of NB signal, SNR, = the signal to noise ratio and y; = bandwidth
of i’th NB signal. Now, taking the limit of Eq 3.15 as the bandwidths, ¥,’s, approach

zero, we obtain

lim HZ) _ All@Z-*%z-e™) _ .
, - - H® (3.17)
Yis =0 @z-£9z-e™

In the limit, it is observed that the poles and zeros of H/(Z) approach the unit circle at

the same location. In order to maintain stability and to keep the poles and zeros from
cancelling each other, the poles must be kept away from the unit circle.

From the preceding arguments, an approximate IIR notch filter realization can be
H'(Z) with the constraints that each pole-zero pair must lie on the same radial line and

that the i’th pole must lie between the origin and i’th zero. In this way, it will be possible

to maintain the above formulation without cancelling the poles and zeros. That is,
P, - aZ, - are, (3.18)

where O<a <1 and O<r<1. The constrained notch filter can then be given as

AN-2zZzH(-2ZzY  ANQ-ZZH)1-ZZ7Y
Na-rzHha-~zY  I(1-azZz)1-az;Z?)

H'(2) (3.19)

and the * denotes complex conjugate.
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3.2.2 Consideration of the Choice of o

As can be seen from the above structural analysis of the notch filter, performance
is better as o approaches 1. The closer ¢ is to unity, the flatter is the response of H(Z)
in the spectrum away from the frequencies of the sinusoids to be rejected.

Let a = O, then the transfer function of the CANF becomes

H@Z) = 1+-+0,Z%F (3:20)

This is clearly an all-zero filter (moving average process) as was mentioned in the IIR
section. It was said that this is inadequate in modelling a noisy process, without extending

the order.
Let a = 1; this is the case of poles and zeros cancelling each other, and

corresponds to a filter that has a constant magnitude response almost all over. This can
be viewed as a special ARMA model that has extremely sharp notches (the ideal case),
however the model becomes unstable.

For practical purposes (i.e. stability, performance and convergence) the extreme

values of o are not of interest and intermediate values must be used.

3.3 Derivation of Adaptive Algorithm

This section is devoted to the derivation of the algorithm to determine the filter
parameter vector, 0. Two separate paths will be taken to obtain the filter

parameterization. The first will follow that of [8], the approach of estimating 2P
parameters, where P is equal to the number of sinusoids. The second approach will

estimate only P parameters, following results of [7].
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3.3.1 2P-Parameter Estimation
In order to develop a 2P-parameter estimation algorithm, a pole-zero direct form
implementation of the CANF will be utilized, as shown in Fig 3.6. First, we will give a

few definitions that will be used in the subsequent derivation:

A= diag(a’az’...’au') (3.21)
@ - [epep'“:ezplr 3.22)
Ty - 13k 1).30k-2),-3k-2P)" (3.23)
NG = [k - 1),k ~2), Ak -2P)] (3:24)
where (see Fig. 3.6)

Ak = A(k) + NTOAOK-1)

Referring to Fig 3.6, the input-output relationship can be written as

FK) = y(k)+ABTY(K) (3.25)
and
AK) = F(k)-0TY (k) (3.26)

Now, for the adaptive parameter estimating scheme, the Gauss-Newton [10] method is

used. The parameters can be updated by the following two equations,

k) - B(k-1)+pR'®T®K) (3.29)
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and
R(K) = R(k-1)+p[T®)P 7(k) - R(k - 1)], (3.28)
where @ is the parameter vector to be estimated, ¥ is the gradient (defined in the next

paragraph) { is the rate of adaptation and R is the covariance matrix.

XCK)
Cpan
ALY s , Yk \ o ;?mo
A -
L 4 7
W(aZ) wW<(Z)
— CONSTRAINT b— y
ADAPTIVE
ALGORITHM

Figure 3.6. Adaptive Line Enhancer (ALE) using the CANF.
fadapted from [8]]

As the number of sinusoid gets large, the inverse of the covariance matrix, R,
becomes computationally cumbersome. To avoid such computation problems, using the
Hessian matrix and the matrix inversion lemma [10], the recursive update can be

approximated by

8(k) = B(k- 1)+ K(K)Ak) (3.29)
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R - [ Pk - ¥ () (3.30)
A®)+ 2 TGOPk- 1P

P - [P(k_ - PE= DPOF TPk~ 1) @331
ME) + PTOPKk - )T R

AR) = A Ak-1)+(1-2) 3.32)

where A is the forgetting factor and ¥ (k) is the gradient defined by

_ Lok [ aay sy _anm|” 333
{05 = [ae,'ae,' .ae”] (3.33)

Y = [fk-1) - aitk- 1),5(k-2) - a%ik - 2), - FCk-2P) - aii(k - 2P)) (3.33)

T K - [Fk) - AN®) (3.33b)

3.3.2 P-Parameter Estimation

As was mentioned in earlier sections, two desirable properties of the CANF are
to have the zeros on the unit circle and to have the zeros and poles of the i‘th sinusoid
lie on the same radial line. The above algorithm estimates 2P parameters but it does not
guarantee that the zeros will lie on the unit circle. The algorithm, to be presented next,
guarantees that the zeros will lie on the unit circle. A necessary bat not sufficient
condition for zeros to lic on the unit circle is that the coefficients of the numerator of the

CANF transfer function be symmetric [7] as described by
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H(Z,6) -
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where « is as defined earlier. The effect of reducing the number of parameters by one

half, results in a significant decrease in computations. Further advantage will be discussed
subsequently. Steps in estimating the filter parameters will now be shown. As in the 2P

algorithm, the Gauss-Newton recursive prediction error, RPE, algorithm will be used. The

output of the filter is denoted by n(k) and the parameter vector 6 is now P in length

6 - [6,,6,,-,0,]7 (3.35)

The input-output relationship can be written as ( where q™* is the delay operator as defined

earlier)
: A@™)
k) = —LLyk (3.36
A(k) Aa -1)’( ) )
This can be expanded as
AK) = y(k) +y(k-2P) + a?ri(k-2P) - ®T(H)O(k- 1) (3.37)
where
) = [®,K), D), @ k)] (3.38)
>0 - (-y(k-i) ~3k-2P+D+ a'nk-i)+ a® k-2P+) for isisP- 1}3 38a)
-y(k-P)+ a"n(k-P) for i=P
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Let the gradient of 7(t) w.r.t. © be defined as,

¥k) - [‘P1(k)9 ?3(k))"' A 4 p(k)] T (3.39)

where

on(k
Y- -

i

Therefore, differentiating both sides of Eq 3.36 w.r.t. 6, we obtain

-1, On(k) 8d(ag™") _ 4@ 3.40
Aag )ae‘ +n(k) 2, %, y(k) (3.40)
Aleg™)—= a;ék) snlag+a®lg Y - g7l g T H®) for @ - 12, P-1

H
A(aq")a;ék)+a’n(k—l’)-y(k—l’) fr i=P

[
(3.41)

which leads to

an(k)

J

Alag™)—= = yk-D+y(k-2P++a'nlk-0-a” 'n(k+2P+d) for i = 12,-P-

on(k)
)

A(aq") = y(k-p)-a*n(k-p) pori=-P

(3.42)

A(aq-')%‘(e@- - -00 i = 12,P (3.43)
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o)
PR - —8) (3.44)
® Aag™

From the above expressions we find that the gradient vector, Eq 3.44, has the same form

as the regression vector in Eq 3.38, it is simply the regression vector filtered by 1/A(aq™).
The actual coefficient values of the filter, A(aq?), are not known and hence its

immediate estimate is used instead. The adaptive algorithm can now be described by the

following recursive equations

Ak = () +y(k-2P) - aPii(k - 2P) - & T(k)b(k-1) (3.45)
1 Pk- 1)P R T(R)P(k-1)

k) = ——|P(k-1)- (3.46)
i Ak P A(K) + P TPk - 1)P (k)

8 = B(k- 1)+Pn)TR)ick) (347)

wk) = yk) +y(k-2P) - a*F(k)n(k - 2P)- @ T(k)B (k) (3.48)

Equation 3.48 is used to improve the convergence rate, (called a posteriori prediction
error) since it results in better prediction error estimates then 4 (k).

Unlike the first algorithm of 2P parameter, this algorithm uses a time varying
value for the debiasing parameter, o. It is forced to increase with an exponential rate

described by

a(k+1l) = a(®)a,+(1-a)a(=) (3.49)



Note that the rate of increasing o is dependent on the value of o, The rationale for
using a time varying debiasing parameter is two fold. First, if at the start of the adaptation
scheme « is chosen very close to unity, then the bandwidth of the notch will be very
narrow. It is possible that in such a case the sinewave frequency will not fall within the
bandwidth and thus, the algorithm may not converge to the desired transfer function.
Therefore, at the start of the adaptation, a small value of & is chosen and then it is
exponentially increased to a predetermined final value close to unity. In this manner, the
sinusoid is forced to fall within the notch bandwidth at the start and then the notch
bandwidth is gradually closed while fine tuning the filter parameters corresponding to the
correct frequency. Secondly, at the beginning of the adaptation, the estimate of A(eq?)
is poor and thus its effect on the gradient in Eq 3.44 can be large. This effect may be

diminished by forcing the poles near the origin during the transient values of k [6].

3.4 Performance

There are several advantages in the P-parameter (henceforth, referred to as P
algorithm) algorithm over the 2P-parameter algorithm (henceforth referred to as 2P
algorithm), the foremost of which is the ability to achieve narrower notches at the desired
frequency. In the P algorithm, the bandwidth of each pole-zero pair can be evaluated as

(the subscript refers to the algorithm)

BW, - (1-a)x. (3.50)
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In the case of the 2P algorithm, the zeros do not always converge to a moduius of unity,
but converge to a modulus r less than unity. Thus, the bandwidth is a little larger

expressed by
BW,, = (1-ra)x. 3.51)

Narrow bandwidths are important as was discussed earlier. That is, as the notches
become wider, the influence of the noise on the parameterization, 6, can be extreme. In
this respect, P algorithm is much more efficient. In this algorithm the zeros are
constrained to be on the unit circle and the notch bandwidths are determined by the value
of a. To cope with the varying bandwidths, the time varying debiasing coefficient (as
defined earlier in section 3.3.2) can be employed. In this case at the start of the
adaptation, a large notch bandwidth can be used to minimize the transient time of the
filier.

Consider the case, where the bandwidth (we will only consider the case of a single
notch for this explanation) is allowed to be very small and is slightly biased. In this case,
as described in frequency domain in Fig 3.7, the notch will not fall on the sinusoid that
it is supposed to suppress. That is, the notches will be too sharp and narrow for any
cancellation to be effective. Now consider the case, where the notch point is created at
some frequency near the desired value and the notch is not as narrow, as illustrated in Fig
3.8. In this case there will bv a considerable cancellation of the sinusoid. A part of the
notch will fall on the sinusoid sand thus some cancellation will take place. From this
discussion it is apparent that there exists some tradeoff between the bandwidths of the
notches and the notch points. Thus, it may not be desirable to have very sharp notches,
if the notch points are biased. If the purpose of these two algorithms is for signal (NB
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component) suppression, then the tradeoff in the parameterization and the bandwidth must
be considered. This, of course, will be especially critical in the case of cascade connection
(to be discussed in the next chapter) where the first sinewave must be sufficiently
cancelled in order for the second section, in the cascade connection, not to create a notch
at the same frequency value. More on the cascade connection will be discussed in the

following chapter.

o -
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Figure 3.7. Performance of Narrow notch.
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Figure 3.8. Performance of Wide notch.
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Since the bandwidth is controlled by the value of the debiasing coefficient (a) then
in the 2P algorithm, the bandwidth of the notches are fixed to be small throughout the
adaptation process. Thus, if at start of the algorithm, the notches are too narrow and not
near the correct frequencies, then the algorithm may not sense the presence of the sine
waves and may converge to erroneous values. For this reason, the 2P algorithm requires
that a be chosen such that the notches are not too narrow. But in the P algorithm, the
debiasing parameter, o, is exponentially increasing, the rate and the final value is user
controlled. Therefore, the algorithm can be started with a bandwidth as wide as desired
and be forced to close as slowly or as fast as desired. This would ensure that the notches
converge to the correct values of the frequencies.

ACCURACY: P algorithm is minimally parameterized. That is, by reducing the number
of parameters to estimate P, we have reduced the search space to a small subset of all
possible filters. By doing this, it is possible to expect the parameterization to approach
CRB [6]. Such claims cannot be made of the 2P algorithm.

STABILITY: In the convergence analysis on the class of RPE algorithms [5], it is shown
that stability monitoring is a necessity. This entails, that at every iteration, the poles of
the CANF be checked for stability and if not stable then they must be projected back to
a stable system [11]. P algorithm exhibits high stability and does not need to have poles
monitored, which is different from RPE (recursive prediction error) algorithms in general,
and enables the use of poles close to the unit circle. In the 2P algorithm, this is not the

case; stability must be monitored and a projection scheme needs to be used. Both of the



algorithms use the Gauss-Newton recursive procedures. The difference may be due to the
fact that the initial values of the poles are not close to the unit circle (i.e. they are forced

close to the origin by the small value of the debiasing coefficient).
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Chapter 4

Consideration of Short Data

In the previous chapter, the concept of Constrained Adaptive Notch Filter was
presented under the assumption that large amount of data is available. Assumptions of this
type are true for most existing methods used in narrow band (NB) suppression/
enhancement problem [1]. Often, in practice, situations arise where the available data is
extremely short, i.e. the data length available is much shorter than required for the
convergence of adaptive methods commonly used for high resolution spectral analysis.
The ABR application considered in this thesis is a problem associated with short data.
Thus, this chapter will consider the general concept of short data spectral analysis using
the CANF as the building block.

As was described in the previous chapter, CANF is formulated as a 2P order
autoregressive-moving average model (ARMA). When implemented in the direct form,
problems associated with adaptive convergence become major obstacles, particularly with
short data. This chapter will serve to analyze the error surface structure of the CANF in
the direct and the cascade form. Using the analysis of the error surface, it will be shown
how to handle the problem of short data to obtain improved performance. As a
consequence of the error-surface analysis two modified cascade structures will be

introduced.




4.1 Error Surface Analysis

Very often, it is necessary to examine the error surface of an adaptive system to
realize its convergent behaviour [2]. The choice of the adaptive scheme used may depend
on the characteristics of the error surface. For example, if the error surface is multimodal
than a simple gradient based algorithm may not be a suitable choice [2,3]. One therefore,
needs to evaluate the modality of the error surface associated with the system of concern.

It is known, as was described in the IIR section of the previous chapter, that
ARMA model of the output-error formulation type behaves such inat the 2ssociated error
surfaces may be multimodal [4]. Such behaviour leads to the implementation of adaptive
algorithms having the requirement that sufficient a priori knowledge of the parameter be
available to use as the starting guess. Without such knowledge, the most generally used
gradient algorithms may not converge to the correct solution, but instead converge to one
of the local minima. Thus, in this section, expressions for error surface associated with
constrained notch filters are presented. Behaviour of the error surface in the single as well
as the multiple notch CANF module will be shown.

From Fig. 3.6, the error signal is given as the output of the notch filter. The
objective of the adaptive algorithm is to adjust the parameters, 8, such that the error

signal (the output of the filter) is minimized in the minimum mean square sense, MMSE.

Now, the expected value of the squared error can be written as [5,6],

1 dz
E[e®] - o §IHZ O (S, +5,,+5, Vo 4.1)
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where S _, §,, and S, arc the PSDs of the input signal component x and n and their

cross PSD, respectively and the path of integration is the unit circle in the Z-plane.

Equation 4.1 can now be used to determine the modality of the error surface by

differentiating it with respect to @ and then setting it equal zero. If the result yields a
linear equation in the parameter 0 then the error surface can be said to be unimodal,
otherwise there exist local minima. In Eq. 4.1 only [H(Z,0)P is a function of the

parameter 9 thus, differentiating with respect to 0, results in a set of equations

BE[e?] _ 1 fAHEZ®P ¢ .o . 14 4.2
9, 21rjf 30, Bt St S} “2)

which are used to determine the modality of the error surface.

At this point, the idea of sufficient and insufficient filter models should be
clarified. By sufficient filter model, it is meant that, the filter order is chosen such that
it matches the input signal. That is, the filter order is twice the number of sinusoids or
NB components at the input. And by insufficient, we talk about a mismatch, that is, the

filter order is less than twice the number of sinusoids or NB components at the input.

4.1.1 Sufficient Model

Double Notch Case

Some insight into the behaviour of the multiple notch error surface can be
obtained by examining the behaviour of the double notch case. In order to keep this

explanation mathematically simple as well as to be able to graphically visualize, it will
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be necessary to use the filter containing the minimal number of parameters (i.e mirror
symmetry of the parameters) as described in the previous chapter. This by no means
reduces the generality of the analysis. The filter expression is then written as

A@2) 146,27140,272+0,Z3%+24

4.3)
BZ) 1+a0,Z'+a%0,Z2+a%0,23+a4Z*

HZ) -

Now, dropping the argument Z, the derivative of the square of the magnitude is

dHD)? _ BB"A(Z7'+Z"%)+BB°A(Z+ Z%)-AA"B*(aZ'+a’Z")-AA"B(aZ +a®

ml (BB.)z
(4.4a)
dH@ZP _ BB°A*Z? + BB'AZ? - AA°B*a*Z? - AA*Ba®Z? (4.4b)
2, (BB" Y '

where * represents complex conjugate and A and B are as in Eq. 4.3. Replacing Eq. 4.4

in Eq 4.1, and performing some manipulations, yields a set of non linear equations: [5)

§ [Z7'A*(1+Z7) + ZA(1 + Z))(S_ +5,.+S,) dz

BB z (4.52)
f «AA°[BZ(1+a’2Y) + B*Z ' (1+a’ZH)(S, +5,+S,) dzZ
(BB°Y z

;(AZ2 +AZS, +S +S)az

BB+ z

4.5b

JEMEL BT, 5, 0 S (4.5b)
BBB°B" z

The non linearity of Eqs. 4.5a and 4.5b indicates the multimodality of the error surface

for the two notch application. Thus, it is expected that the error surface may contain local
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minima. Extension of the above explanation to the multi-notch application is straight
forward.

The expected squared error in Eq. 4.1 can also be rewritten as [1]

m a2
E{e’} - ):fziW(J“oF + f IH(z,e)Ps_;‘ZZ (4.6)

i=1

for the case of m sinusoids buried in uncorrelated noise, where A, represents the
amplitude of the i’th sinusoid. Now, consider a noise free case of m sinusoids, the above

Eq. 4.6 is written as

2 2
Ele) - ¥ 2oy @

=1

where H(£/°'0) is obtained by substituting &’*! for Z in the filter transfer function.

Fig. 4.1 illustrates the error surface of a fourth order CANF evaluated cs in Eq.
4.7. It should be noted that the possible range of 0, is in the interval [-4,4] and for 6,
it is in the interval [-2,6], however, the digital filter is not stable in this full range [5].
Fig. 4.1 shows the error surface in the neighbourhood of the global minima. The
multimodality ( or the existence of local minima) of the multiple notch direct form
implementation is evident from Fig. 4.1. There exists many possibilities for the parameter,
0, to which an adaptive algorithm may converge , yielding erroncous results. From Fig.
4.1, it can be said that for the direct form implementation of the multiple notch CANF,
a judicious choice of initial parameter value in the adaptive algorithm is required in order
to converge to the global minimum. That is, we need to know the filter coefficients in the

neighbourhood of the global minimum.
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Figure 4.1. (a) Output error surface of Direct Form fourth order CANF as a
function of the filter coefficients; (b) Equivalent contour plot.
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Single Notch Case

Having considered the modality of the error surface associated with the double
notch case (thereby, the multiple notch), we now investigate such behaviour for the single
notch modules. The expression for this filter is written as

-1, -2
H(ZP) - A2 _ 1+.0Z2°"+2

4.8)
BZ) 1+a0,Z2'+a’Z?

Now, as earlier, dropping the argument Z for convenience, the derivative of the square

of the magnitude can be written be as

dH(ZB)? _ 2ZA _ ZaAA'[B+B°Z} 49)
09, BB° BBB*B"

By replacing Eq. 4.9, in Eq. 4.1 and after some manipulations a linear equation is

obtained

§B°dZ - faA"dz. (4.10)
This linearity of Eq. 4.10 indicates the unimodality of the error surface associated with
the second order notch filter module. Unlike the multiple notch case, it is clear that in this
situation no local minima will exist.

Fig. 4.2 illustrates the error function associated with the transfer function of a
second order CANF evaluated for the noise free case as in Eq. 4.7. It is clear that the
error function in Fig. 4.2 is unimodal, as is suggested by Eq. 4.10. In the case of second
order modules it is also possible to examine the 2P parameter (see previous chapter for

explanation) transfer function. For this case, Fig. 4.3 illustrates the error surface.
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Figure 4.2. Output error surface of second order CANF with minimal parameter
formulation and one normalized sinusoid the input.

4.1.2 Insufficient Filter Model

Having considered the sufficient filter model, it is observed that the error surface
associated with the single notch case (i.e. second order CANF) is unimodal. This is an
interesting property of the CANF which can be used advantageously in the adaptive

process.
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Figure 4.3. (a) Output error surface of second order CANF with 2P parameter
formulation as a function of the filter coefficients; (b) Eqivalent contour plot.
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Now, consider a second order CANF as an insufficient model. That is, the input
mixture contains more than one sinewave, say it contains P sinewaves. The expected
squared error as a function of the parameters is again given by Eq. 4.6. Considering *he
noiseless case of Eq. 4.7, the expected squared error is a sum of unimodal surfaces

described by Eq. 4.11.

2y o S AL S (4.11)
E{e’} - 3 SHHE"10l -

Since each term corresponds to an unimodal error function associated with a particular
sinusoid, the sum of these terms will then yield an error function that has P minima, each
corresponding to a specific sinusoid. Fig. 4.4 illustrates the error function for the P
parameter second order CANF expression with two sinusoids at the input and Fig. 4.5
illustrates the error surface of the 2P parameter filter expression. The two minima
associated with the two input sinusoids are clearly evident. This property of the second
order CANF, having the number of minima equal to the number of sinewaves at the input,
leads to an implementation that elinudnates the problem of convergence to a local minima

associated with higher order filters.
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Figure 4.4. Output error function of second order CANF with minimal parameter
formulation with 2 normalized sinusoids at the input.
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Figure 4.5 (a) Output error surface of a second order CANF with 2P parameter
formulation and 2 sinewaves at the input; (b) Equivalent contour plot.
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4.2 Implementation of CANF's

4.2.1 Cascade Implementation

In general, CANFs of higher order may be described in two forms, the direct and

cascade, based on the following analytical expressions of the transfer functions:

140,271 440,22

4.12)
1+a0,27'+. +a%0,,Z°%

HZ,a,0) -

(1+0,,2740,,Z7%) ~ (146,,27146,,2%)

4.13)
(1+a8,,Z"'+a?0,,Z%) - (1+08,,Z"+a%,,Z%)

H(Z,a,0)~

Eq. 4.12 represents a direct form implementation. In the last section, an example of a
double notch (i.e. 4th order ) CANF was used to illustrate the existence of local minima
in direct form implementations. Thus, one may expect the adaptive algorithm to converge
10 an erroneous parameter vector (i.c local minima). This is particularly true in the case
of short data, since it may require time to overcome some of the hurdles of local minima,
if it is possible. To avoid such a problem, the property of second order CANF having
an unimodal error surface, as described in the last section, may be used advantageously.
It was said, that the error surface of a second order CANF, as an insufficient model, will
yicld a number of minima equal to the number of sinusoids at the input. This unique
property of the CANF leads to the cascade implementation of Eq. 4.13, where the number
of second order stages equal the number of sinusoids or NB signals in the input mixture.
Fig. 4.6 illustrates such implementation. It should be emphasized that the parameters are

estimated independently for each stage of Fig 4.6.
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Figure 4.6. Cascade connection of P second order stages.

Consider a case in which P sinusoids are immersed in noise. Now, P second order
CANF stages are implemented in conventional cascade connection. The first stage in the
cascade connection will converge to one of the P minima, suppressing one sinewave.
Exactly which sinewave will be suppressed first, is of no concern as the goal is to
suppress all sinewaves. The output of this stage will contain P-1 remaining sinewaves.
Now, the second stage will converge to one of the P-1 minima and eliminate one
sinewave. Continuous propagation of the signal through the P cascade stages will
eventually suppress all the input sinewaves. That is, the output of stage 1 is the input of
stage 2 and so on, until at the output, only the approximate of the noise component
remains. In this manner, we can guarantee convergence. Not only do we have guaranteed
convergence, we need not worry about initial conditions of the parameters in the adaptive
procedure, as it is not of concern which sinewave is eliminated first (each stage
guarantees the suppression of one sinewave).

Another added convenience of cascade implementation is the direct usage of any

available a priori knowledge of the frequency values of the sinusoids. This information
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may be used as the starting guess of the parameters in each section. The use of this
information may be considered as dividing the frequency domain in P segments, one for
cach of the P stages. In this manner, problems of convergence of one large filter (CANF
of order 2P, where the parameter space is larger) to a unique parameter vector is reduced

to P smaller filters, each having a parameter space that is minimal.

4.2.2 Cascade Implementation with a posteriori Filtering

The preceding ideas of notch filtering in the form of CANF, whether in the direct
form or as second order modules, has been studied by various people, Rao and Kung [1],
Nehorai [9], Friedlander [10] and Ng [5,11]. All these existing studies have dealt with
the behaviour under the assumption of long data availability. This section will propose
an algorithm, that uses the CANF as the building block, to deal with short data.

Consider P sinewaves embedded in white noise. If P second order CANFs with
"very sharp notches” (o very close to one) are used to climinate the sinewaves, then by
the virtue of the algorithm, large amounts of data will be required for the convergence
of each stage of cascade implementation to the desired parameters. The purpose of using
narrow notches is that we wish to suppress the sinusoids, thus, only the sinewave should
be eliminated and not any of the noise.

Now, consider the above situation, in which the data consists of M points, while

N points (M < N) are required to form a notch point in the neighbourhood of the true

notch point. Due to short data (M < N), the estimated notch point will be poor and the

filter will not be able to completely cancel the sinusoid corresponding to f; (for the
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purpose of illustration we are assuming that the first stage will indeed converge to the
sinusoid corresponding to f,, when in reality this may or may not be true). The output of
stage 1 will still have some component of f,. That is, the output of stage 1 (assumed to
be free of f;) will be corrupted by some residual power of f,. This means that stage 2 will
not have P-1 sinewaves, but will instead have P sinewaves at the input and may converge
to f; again, deflating the argument of guaranteed convergence. These M points can be
considered to be the transient period of the CANF during which no cancellation of f, will
take place and thus, the idea of separation of sinusoids in noise using cascade
implementation of second order CANFs may not be appropriate for short data.

In what follows, we propose a new configuration of the cascade connection which
utilizes the information contained in the M-duration transient period and provides a
reliable separation of sinewave components over the short data observation interval.

The proposed second order constrained notch filter, which serves as a building
block for multistage cascade connection, is shown in Fig 4.7. The idea here is to use the
CANF to estimate a notch point in the neighbourhood of the true notch point and then
use these estimated parameters in an a posteriori constrained notch filter (CNF), a fixed
filter. Motivation for this procedure is that during these M points, stcady state cannot be
attained and the filter output is influenced by the transient. Thus, by a posteriori filtering
of the original data, using the parameters estimated at the Mth point, the influence of the
transient (which is dependent on the initialization of the parameters 0 in the adaptive
procedure) is minimized. Now, provided that the notch bandwidth is large enough
(controlled by the debiasing coefficient, &), an estimate near the true notch point will
sufficiently suppress f,. Henceforth, this configuration will be referred to as MC1.

-62-



Note, that the first part of the stage considered is used for the estimation of the
parameter vector, 8, while the second part - a posteriori filtering - provides the filtering
of all M points of the original signal under analysis. The lower branch, M, is used as a

memory block to delay the input mixture by M points, before applying to the a posteriori

fixed CNF, H{(Z,0). The decoupling of the two functions - parameter estimation and then

filtering - significantly improves (see the next section) the performance of CNF over the

short data interval.

coPY
WEIGHTS

//\
HaKZ) | — H5(Z> b~
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ALGORITHM
—E

Figure 4.7. CANF with a posteriori fixed filtering.
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4.2.3 Cascade Implementation With a priori
Knowledge of the filter parameters

In the steady-state region (i.e., after convergence is completed) the misadjustment
level is not influenced by the initial conditions. On the other hand, if M << N ( i.e.
convergence is not completed due to the short data), this level (thus, the performance of
filtering) becomes a function of the initial conditions. In such a case, a further
improvement on CANF behaviour over the short data may be achieved by using the
configuration as illustrated in Fig 4.8 (basic building block for multistage connection), in

which each stage is split into 2 parts. The first part of each stage is used to estimate the
filter coefficients (0 ) corresponding to the neighbourhood of one of the input sinusoids,

which are then used as the starting guess for the second part. The second part is the MC1
implementation as described earlier. In this way, the first part in each stage is the
parameter estimator that is to be used as the initial starting guess for an MCI
implementation. In the second part by repeating the process with an a priori knowledge
of the neighbourhood of the notch point, it is possible to further minimize the output and
fine tune the parameter values in the minimum mean square error, MMSE, sense. This

configuration henceforth, will be referred to as MC2.
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Figure 4.8. CANF with a priori knowledge of the coefficients.

From analysis of the error surface of the CANF, it is apparent that the cascade
implementation of the second order blocks alleviates the problem associated with the
convergence to a non-global minimum of higher order implementations. The number of
minima associated with the second order CANF ermror surface is equal to the number
sinusoids at the input. This fact has been advantageously used in the development of the
MC1 and MC2 implementation to improve the separation of sinusoids for short data

situations.
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Chapter 5

Simulation Study of Time Delay Estimation and the
Constrained Adaptive Notch Filter (CANF)

In chapter 2, a theoretical viewpoint of estimating the time delay between a
received signal at two spatially removed sensors was presented. The underlying technique
used in estimating delays was the cross correlation. Various Generalized Cross Correlators
(GCCs) were presented, with emphasis on the Maximum Likelihood cross correlator.
Chapters 3 and 4 presented the idea of using Constrained Adaptive Notch Filters (CANFs)
to suppress/enhance sinusoids embedded in noise. In chapter 4, it was shown how the
performance of CANF can be improved for short data. To handle the problem of short
data, two modified cascade structures were presented.

Having described the theoretical concepts behind estimating time delays using
cross correlators and the suppression/enhancement of sinusoids using CANFs, we now
turn to evaluating their performance via simulations. The first section will compare the
performance of the different GCCs for various signal to noise ratios (SNRs) and data
lengths. The second section will attempt to compare the performance of different
implementations of the CANF structures. In both of these sections, the prime objective

is to show the performance for the assumption of short data availability.

5.1 Time Delay Estimation

Using computer generated data, it is possible to compare the variances achieved

by the different GCCs. This simulation study is modeled after that of [1,2]. In practice,



the auto and the cross spectra have to be estimated, and as such only an Approximate
Maximum Likelihood (AML) can be implemented [1]. The question then arises as to how
close does the AML perform as compared to the optimal receiver (OR), which can be
considered to be the true ML receiver [2]. We define the OR using a priori knowledge
of the input signal spectrum. It is optimum in the sense that it is matched to the known
source signal spectra of the input. In this section, we will compare the Smooth Coherence
Transform (SCOT), the basic Cross Correlator (CC), the Approximate Maximum
Likelihood (AML) and the Optimal Receiver (OR).

Two sensor models of Eq 2.1 were realized with a sampling frequency, f,, of 2048
Hz. The sensor outputs were obtained by using three zero-mean pseudorandom Gaussian
signals. Two of the three signals were used as n,(t) and n,(t). The third was passed
through a 10th order butterworth lowpass digital filter with a cutoff frequency of 100 Hz
to yield the input source signal, s(t). Signal, s(t), was delayed by D to yield s(t-D). The
delay, D, used in all simulations was 6 samples.

The signals n,(t) and n,(t) were scaled to yield the desired signal to noise ratios.

Assuming S, (f) = S“(f ) = S_(f), the SNR is defined as

100
[s.n
SNR = T:?— 5.1)
[5.0F
0



where S,(f) is the Power Spectral Density (PSD) of s(t) and S, (f) is the PSD of the

noise signal. It should be noted that the SNR of Eq 5.1 is the SNR in the signal band
which is approximately 10% of the total frequency band (100/1024). As such, the total
noise power at each sensor is approximately 10 times greater than indicated. For each
case, 500 independent trials were conducted to obtain reliable statistics. Time delay
estimates were obtained by detecting the largest peak of the GCC within the gated region
of D + 10 samples. The gate width was chosen to be the cormrelation time of the source
signal, which is consistent with the assumption of the knowledge of the neighbourhood
of true delay time.

The three GCCs - AML, SCOT and CC - were implemented as in Fig. 5.1, where
the postcorrelator filter and the cross power spectrum are estimated directly from the
observed data (estimates are indicated by A). All pertinent spectra were estimated using
an FFT based periodogram approach with n disjoint segments of length 64 points each.
The value of n is dependent on the observation length, such that nx64 = observation

length. In the case of the OR, using a priori knowledge of the source signal, it was

selected to be
1 0<f<100 5.2
Wor = {o elsewhere ¢
A A INVERSE A
(F () R @
w8 yepy [P pouripr (] PEAK LD
TRansFoRy|  PETECTOR

Figure 5.1. Implementation of the GCC.

- 69 -




Before talking about the short data situation, we will evaluate the performance of
these receivers for the ideal case, that is, for a large observation interval, T. We evaluate
each of the four receivers by calculating the variance of the delay estimate and comparing
it against the CRLB. We expect the AML and OR to approach the bound, as the CRLB
is the Maximum Likelihood estimate for large T. Itis also expected that the SCOT should
perform better than the CC, since it, unlike the CC, places additional weighting depending
on the SNR. For the case of T = 4s, the root mean square error of the delay estimates of
the four GCC receivers and the CRLB is plotted for various SNRs in Fig 5.2. The results
are as expected and consistent with the published results of [1,2). From Fig 5.2, it is
apparent that all four receivers are consistent estimators of the time delay.

It was said earlier, the goal of this simulation study is to compare the performance
of the above mentioned processors under the assumption of short data availability. But,
before we can proceed to evaluate these processors for short data, more needs to be said
about the underlying assumptions in the derivation of the ML processor. The expression
for the ML processor of Eq 2.26 is obtained under the assumption that the observation
time, T, is much larger than the delay, D, plus the correlation time of the source signai.
The questions to ask then are the validity of this receiver for short data. Will the ML
receiver maintain its efficiency for short data? and how will the >ther receivers perform?

To attempt to answer the above two questions, we compare the performance of the
AML (AML because in pracuce ML can only be approximated), CC, SCOT and the OR
against CRLB for short data. We have seen in Fig 5.2 that for large observation time, the
performance of the AML and OR receivers approaches the CRLB. SCOT and the CC

receivers are consistent estimators. For the purpose of this study of short data, we
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2 Time Delay Estimation: Observation Length = 8192

Root-Mean Square Error

Figure 5.2. For T = 4s, Root-mean square error of delay estimates against the CRLB.
evaluate the CRLB for various short observation times and compare the root mean squcre
error (standard deviation) achieved by the four recrivers against it. In this manner, we are
able to see the deviation in the tightness of the bound from the earlier case of long
observation time.

The simulations for the four previously mentioned GCC processors were
performed for the cases of SNR equal to approximately -6, -3, 0, 3, 6, 9, 12, 15, lé and
21 dBs for various lengths of observation time. The results of the simulations are

tabulated in Tables 5.1 through 5.4. The number in brackets represents the number of
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outliers that existed for each scenario. For various SNR and observation length
combinations there existed many outliers (in some cases over 50%). Since little can be
said about the statistics of some of these cases; they have been eliminated from the study.

Figures 5.3 through 5.6 show the plots of the performance of the four receive:s
against the CRLB for the observation lengths of 1/16, 1/8, 1/4 and 1 second, respectively.
From these performance plots, it can be said that all four receivers are consistent,
however, they may not be valid for low SNR as in the case of T = 4s. For example, at
T = 1/16 seconds, the performance of the receivers cannot be evaluated for regions of
SNR lower than 5 dBs. Comparing this to the T = 4s case, it can be said that as the data
length is decreased, the range of validity of the receivers must be shifted to higher SNR.
In Figures 5.3 to 5.6, it is seen that as the observation length is decreased, it can te seen
that the working range of the receivers decreases for lower SNR. From Figures 5.3 to 5.6,
one can conclude that for short data the four receivers are consistent estimators if the
range of SNR is app:opriately adjusted. Fig 5.7 shows a slice of Figures 5.2 through 5.6
for SNR = 10 dbs. From this it is seen that the four receivers are indeed consistent for

SNR = 10 db.
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] Time Delay Estimation: Observation Length = 128

Root-Mean Square Error

SNR (dB)

Figure 53. For T = 1/16, Root-mean square error of delay estimates against CRLB.
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o Time Delay Estimation: Observation Length = 256

Root-Mean Square Error

SNR (dB)

Figure $.4. For T = 1/8, Root-mean square error of the delay estimates against CRLB.
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2 Time Delay Estimation: Observation Length = 512
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Figure 5.5. For T = 1/4, Root-mean square error of the delay estimates aagainst
CRLB. -
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25 Time Delay Estimation: Observation Length = 2048
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Figure 5.6. For T = 1s, Root-mean square error of the delay estimates against CRLB.
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5.2 Constrained Adaptive Notch Filters

Performance of the various implementations of the Constrained Adaptive Notch
Filters (CANFs), described in chapter 4, is evaluated via simulations. In this section, we
will attempt to verify some of the ideas developed in the previous chapters. The
previously published results of [3,4,5] are all based on large data. The objective, here, is
to show the improved performance of the proposed cascade structures for the case of
finite observation interval (i.e. short data lengths as defined in chapter 4) as compared to
the conventional cascade structure.

The performance comparisons will be based on two different basis. The first will
deal with the sample statistics of the frequency estimate of the notch point, calculated

from Monte Carlo simulations. The notch point frequencies are calculated by solving for
the roots of the equation A(q",0), the moving average (MA) part of the CANF. Each of
the statistical results is computed from 40 independent trials. Any estimate not in the
range of £ .0125 Hz of the true normalized frequency is considered to be an outlier and

is not used in the calculation of the statistics. The second comparison is qualitative; it is
the ability of the algorithm to separate the sinusoids.

Each algorithm is tested under various signal-to-noise ratios (SNRs) and data
lengths. The SNR in the following simulation study is defined as the total signal power

(i.c sinusoid power) divided by the power of the noise,

-1 207,

N A‘Z
SNR - 10l0g {Y" 2L 1, 53)
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where A/'s are the amplitudes of the sinusoids. The variance of the noise is adjusted to

achieve different SNRs. All simulations will use the following as the input

YO = A sinQ=nfit+¢)) + A, sinnft+d,) + n@®) =0,1,2,.. N-1 (54)
where n(t) is the zero mean gaussian noise, f, and f, are the normalized frequencies in the
interval [0,.5], ¢, and ¢, are randomly chosen phase in the interval [-%t , % ] and the input
data is sampled at a rate of 1 Hz.

Upon examination of Eq 5.4, it is evident that there exist many possible
combinations of the amplitudes, A,’s, and frequencies, £’s. Thus, for the purpose of the
simulation study, we will restrict to a few cases. That is, the performance of the direct

form (DF), conventional cascade (CC), modified cascade one (MC1), and modified

cascade two (MC2) will be studied for the cases: 1) A, = A,, f; =.0625, f, =.1875; 2)
A, # A, f, =.0625,f, =.1875; and 3) A, = A,, af (=If, - f,} ) varying in the interval

[0,.5] for various values of o, the debiasing coefficient.
CASE1l: A, =1, A,=1,1, =.0625, f, = .1875

EXAMPLE 1: In this example, it is desired to compare the performance of the cascade
connection of two stages of second order filters (Fig 5.8) with the direct form
implementation of a fourth order filter. Both of these configurations were implemented

using the 2P parameter algorithm as described in the previous chapter. For all runs, the
debiasing coefficient o, was chosen to be .9 and the initial value of @ (the filter

coefficients) is set to zero.
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First, we will compare the sample statistics of the notch point, computed from
the Monte Carlo simulations. And secondly, we will compare the ability of the two

implementation of the CANFs to suppress the sinusoids.

y k) N, Ne
— Hai(Z) » 4 Hee(Z) |
| ADAPTIVE ADAPTIVE | |
ALGORITHM[ ALGORITHM| —

Figure 5.8, Implementation two stages of CC.

Table 5.5 and 5.6 show the bias and variance of DF and the CC of the CANF,
respectively. The number in brackets represents the number of trials that were not
included in the statistical calculations because the estimate was not in the arbitrarily
chosen neighbourhood of the true frequency. See note below.

Note: In the case of the cascade connection, the number of outliers also include the case
where both stages converged to the same notch poins. This indicates that the first stage,
at times, is not capable of completely suppressing one sinusoid and as a result a portion
of this sinusoid propagates to the output of the first stage. Sometimes the power of this
remaining component of the sinusoid is comparable to the second sinusoid, especially at
the start of adaptation of the second stage. This can cause the second stage, in the
cascade connection, to converge 1o the same frequency as the first stage. In such
situations, one of the two frequency estimutes has been rejected in the statistical
calculations.
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There are several interesting things to observe in these two Tables. First, it is
evident that for every case the lower frequency (f,) yields a lower bias and a lower
variance. This is due to the fact that these constrained IIR structures are computationally
efficient at frequencies much lower than the sampling frequency. For this reason the
lower frequency does indeed yield better results [6].

Second, with sufficiently large data one would expect both configurations to yield
similar results, since the 2P parameter algorithm is an asymptotically unbiased estimator
[5]. As N approaches 2048, total error of the notch points in the two configurations
approach equality. Now, as we approach N = 128, for all SNR’s in the Tables, the
cascade connection is the superior one. It has lower biased estimates of the notch points,
as well as lower variances. This may be due to the fact, that, in the direct form
implementation the recursive algorithm searches for the global minima. Thus, in order
to minimize the error criterion or to approach the global minima, the algorithm must
simultancously adapt four parameters, thereby increasing the number of degrees of
freedom. But, in the cascade connection, the algorithm searches for one of the two local
minima corresponding to the two sinusoids at the input. As stated in chapter 4, there is
no global minima [7]. In this case the number of degrees of freedom is only two for each
section and thus yielding better results. This is further exemplified by the greater number
of outliers in the DF, especially at N = 128. In this case, there exist local minima as well
as the global minima [7], it is then reasonable to say that, the adaptive algorithm requires
more time to overcome the hurdles of the local minima in order to converge to a global

minimum, if it is possible.
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We will now compare the two algorithms to check their ability to suppress the
sinusoidal component of the input data. That is, at the ontput, only the noise component
of the input signal should remain. Since the performance of the two configurations is
similar for large N, for this comparison we will use a small value of N and illustrate the
difference between the two configurations. Since we are talking about the ability to
suppress a sinusoid, the following evaluation or comparison is done in the frequency
domain.

Fig 5.9 shows the result of the direct form fourth order filtering with N = 128 at
SNR =4 dB. The fourth order filter will have two notch points as seen in Fig 5.9¢c. The
notch points in this example are at frequencies in the neighbourhood of the correct
frequencies. However, due to their lack of depth and sharpness, the suppression of the
sinusoid is negligible as seen in Fig 5.9b. Now, as we increase the number of points (N)
to 256, the notches become sharper and closer to the true frequency values (see Fig
5.10). In this case, the notches are sharper with a better estimate of the notch point and
still there is only slight improvement in the cancellation of the sinusoids. The following
may be used for the explanation of this phenomenon. In the Short Data Analysis chapter
(chapter 4) it was pointed out that in certain situations the transient time for the CANF
to converge can be large. During this transient time, the notches at the correct frequency
do not exist and hence no cancellation will take place, leading to an cutput corrupted by
the sinusoids that should have been suppressed. It should be noted that the filter transfer
functions of Fig 5.9 and Fig 5.10 are valid only at the end of the adaptation process, at

time N. During the adaptation period, the transfer function cannot be considered.
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The outputs of each of the two stages, labelled N, and N, in the CC configuration
of Fig 5.8, are of interest for the purpose of sinusoidal cancellation. Fig 5.11 shows the
results of the simulations for the case of N= 128 and the SNR = 4 dBs. The figure also
includes the transfer functions for each of the two stages of the cascade connection, H,

and H, (subscript indicates the respective stages).
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Looking at the transfer functions of the first stage, H, of Fig 5.11b, it is seen that
the notch point is very close to f;, and yet there is not complete cancellation in Fig
5.11c. There may be two reasons for this behaviour: (1) as in the direct form
implementation, the transient may be long, and thus the residual component is due to the
transient and (2) the transfer function is not zero at the notch point. Since the first stage
was not capable of removing the first sinusoid completely, there exists a small
component of this sinusoid at the input of the second stage, the circled part in Fig 5.11c.
In the adaptation process for the second stage, the transient time will be longer because
the algorithm will first try 1o track the same sinusoid as the first scction and then try to
track the correct frequency, that of the second sinusoid. In the adaptation of the second
stage, tl. . starting condition are exactly the same, and thus residual component of the first
sinusoid is the strongest at the start of the adaptation of this stage. That is, during the
transient time of the first stage, no cancellation takes place. In this manner, some time
may be wasted. For short data, it is possible that the second section may not even
converge to this second frequency, this of course depends on the amount of interference
by the residual sinusoid of the first stage.

It can be seen from Table 5.6, the higher frequency sinusoid has a higher bias of
the notch point. Therefore, by not being as close to the actual frequency as the first stage,
the sinusoid suppression is further inhibited. As we increase the number of points tc N
= 256, the notches (the transfers functions in Fig 5.12b,d) become sharper and deeper
resulting in cancellation to be more effective (sce Fig 5.12¢,¢). It is then obvious, that,
for short data we do not expect signal suppression from the second section to be as

effective as the first section.
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Comparing the results of sinusoid suppression , it is evident that for short data

and equal starting conditions, the cascade connection is the superior one. It estimates the
notch points with a lower error and creates sharper notches resulting in the suppression
of the sinusoids to a greater exteni. The various reasons for such behaviour are apparent
from the above discussion. The greater degrees of freedom (estimating 2P parameters
simultancously as opposed to 2 parameters at a time) in the direct form implementation
of the CANF results in inferior performance, as is shown by this simulation. We may
conclude that if one is able to minimize the effect of the transient, then the above results

may be further improved. This is discussed in the next example.
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EXAMPLE 2: In this experiment, we will compare the performance of the MCl1 of Fig

5.13, against the performance of the CC of Example 1. MC1 is tested under identical
conditions as the CC of the last example (i.c. same input, SNR, &, and so on). As in the

CC, each stage of Fig 5.13 is adapted independently. The output of the first stage is the
input to the second stage. However, in the MC1 each stage is split into two sections. The
first section is used to estimate the filter coefficients using a conventional 2nd order
CANF, while the second section is an a posteriori fixed Constrained Notch Filter (CNF),
that filters the original input used to estimate its coefficients. In Fig 5.13, these a
rosteriori TIR filters are denoted by a prime. The coefficients for these fixed CNFs are
obtained by copying the weights from the adaptive section after the adaptation is
complete. The time delay, T, is chosen to be the amount of time required for adaptation

to be completed.
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Figure 5.13. Implementations of two stage of MC1.
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In the previous example, it was observed that the CC showed a sigrificant
improvement over the DF. Better statistics of the notch point frequency were obtained
(see Table 5.5 and 5.6) and there was a slight improvement in the suppression of the
sinusoids for the short data case. However, both of these algorithms displayed a large
number of outliers, particularly for short data and low SNR. The MC1 implementation
of this example results in a minimal number of outliers, while maintaining or enhancing
the performance as compared to the CC.

The notch point statistics of the MC1 are tabulated in Table 5.7. Comparing these
statistics with that of the CC (Table 5.6), we notice that tne number of outliers have been
reduced considerably. Even in this worst case, there is a significant reduction in the
number of outliers.

The reasons for the large number of outliers in the CC were discussed in the first
cxample. It was reasoned that if the effect of the transient can be minimized, then the
subsequent stage would provide faster and better estimate of the next notch point. That
is, if the input to the second stage contains only one sinusoid (the residual component or
the transient of the 1st stage has been minimized by a posteriori filtering) then it is forced
to converge to the correct frequency. There is no possibility of converging to another
frequency value as the input to the second stage contains only one sinusoid, hence
minimizing number of outliers.

In this modified structure, one may notice from the Tables 5.6 and 5.7, that there
is a slight improvement in the variance of the notch point of the second frequency, f,.
This, of course is due to the minimized interference by the residual component of the

sinusoid that has been eliminated by a posteriori filtering in the first stage.

- 96-




The minimization of the transient effect can be further clarified by looking at the
ability of this modified structure to suppress sinusoids. Fig 5.14 contains the results of a
simulation example of this MC1 implementation with SNR = 4 dB and N = 128. Fig
5.14c shows the output of the adaptive section of tl.e first stage. It can be seen, that the
power of the sinusoid that is supposed to have been eliminated is quite large, the circled
part. By a posteriori, filtering, we eliminate or minimize the sffect of the transient. Fig
5.14d shows the results of this process, the transient is virtually removed. Now, if we use
this a posteriori filtered sequence as the input for the second stagc, we may expect it to
converge to the correct frequency, as can be seen by the results of Fig 5.14f,g, the outputs
of the adaptive and the a posteriori fixed filter, respectively. In Fig 5.14g, the two
sinusoids have been almost completely removed. This is a considerable improvement over
the CC (the final output in Fig 5.11¢) and a drastic improvement over the DF, Fig 5.9b.
This simulation example is again implemented with N = 256, and comparing the overall
output of the three types of filters (Fig 5.10b, 5.12¢ and 5.15g), it is evident that the MC1

configuration displays the suppression of the sinusoids to be the most effective.
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Example 3: From the previous two examples, it was realized that the MCI
implementation performs better than the DF implementation of the CANF. In this
example, similar to the previous two examples, we will compare the performance of the
MC?2 against the results of MC1 of the last example, and see if it does indeed perform
better. Each stage of this configuration can be considered to be divided into two sections,
first being the CANF parameter estimator, which is then used as the starting guess of the
parameters in the adaptation process of the second section. The second section is the MC1
implementation of the last example. Thus, with the extra operation of the first section we

can expect improved results.
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Figure 5.16. Implementation of two stages of MC2.

The notch point statistics of the MC2 are tabulated in Table 5.8. Comparing these
results with that of the MC1 (Table 5.7), it is seen that for all cases, there is negligible
improvement (if any) in the bias of the notch peint. However, two important observations
are made with respect to the variance. First, for the smaller observation times (N = 128,
256 and 512), the variance in general has been reduced considerably. If we talk about the

total error (Bias squared plus the variance), then it appears that the MC2 does indeed
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perform better than MC1. From this result, we can safely say that the knowledge of the
neighbourhood of the notch point, however little it may be, can lead to improved results.
In effect, this can be considered to be using a priori knowledge of the parameter values
to move nonlinearly along the convergence path on the error surface, described in chapter
4, towards the optimal or minimal output energy solution. This is particularly useful for
short data, as little time is available for adaptation. Thus, starting closer to the optimal
solution along the convergence path, one can see the reduction in the number of iterations
required in the adaptive procedure. Second observation of importance is the increase of
variance for the larger observation intervals at low SNR. For N =1024 and 2048 at SNR
= (0 dB, the MC2 implementation yielded an increase in the variance. The explanation for
this phenomenon is twofold, which is described in the next paragraph.

First, by the procedure of first estimating the filter parameters values in the first
section of MC2, the region of operation on the error surface has moved closer to the
minimal energy point. In the second section of MC2, as the filter parameters converge to
the optimal value, the output energy will be minimized in the mean. Now, if we continue
the adaptation procedure, small perturbations in the filter parameters, due to noise, may
lead to a large changes in energy, This is particularly true, if we are operating with
energy surfaces that have very sharp minima, which is the objective in the sinusoid
suppression using CANFs. Now, examining the parameter update equation in chapter 3,
we see that it is a function of output energy. It is then understood that above perturbation
in the parameter values, after convergence, may lead to oscillations within the

neighbourhood of the optimal solution for a fixed convergence rate. Problems of this type
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of instability or more appropriately oscillating misadjustment are inherent in adaptive
algorithms where such energy surfaces exist. The second reason for the increase in the
variance is due to the finite precision of the computing facilities.

As in the previous two examples, the second basis of evaluation is the ability of
MC2 configuration to suppress the sinusoids at the input. Fig 5.1 shows the output results
for the case of SNR = 4 db and N = 128. From Fig 5.17d, it can be seen that the sinusoid
suppression is similar to that of the MC1 of Example 2 and is considerably better than
that of the CC of Example 1. Comparing sinusoids suppression for the case of SNR =4
and N = 256, the final output in Fig 5.18d clearly reveals an enhanced performance. MC2

is able to suppress the sinusoids to a greater extent than MC1 for N = 256.

- 103 -



ARG e A

T TR e SR R TR

FTAERE T e TR AT TR AT e

o
400
= 300
Z
100 A
; M
0 03
£ (Hz)
8500 p—-urRvL of Sgge One
400
é 3w -
Z 20k S

IHN!

1NN

Figure 5.17. Results of Two Stages of MC2 CANF for N = 128 and

SNR = 4 dB.

1200 =

Inout Power Specum

1Y(Dt

0 WKJMWW\WM
0 0.5

INGDI

i

INGD

18 Total Transfer Funeaon of MGs

500

AL A

0

0S5
f (Hz)

Figure 5.18. Results of Two stages of MC2 for N = 256 and
SNR = 4 dB. :

- 104 -




gP 0 = ¥UNS gp Ol = ANS

uonejuawdw] (ZDW) OM [, IPLISED PIYIPON
suis) ajewnysy Aousanbaayg jo SHMSIY [edNISneIS 8°S

AqeL

- 105 -



Example 4. In this example we will consider the performance of the CC, MC1 and the
MC2 configuration on the basis of total error. The total error is defined as the sum of the
variance and the squared bias of the estimated noich point frequency. Fig. 5.19 illustrates
the total error performance as a function of the data length for SNR = 10dB. It can be
seen that as the data length decreases, the total error in the MC2 implementation is
reduced significantly. It is noted that in all three configurations the performance is
approximately the same for large data lengths, as it is expected (i.e. asymptotically all

three configuration are equivalent).

5 x10-3  Total Error for f1 2105 Total Error for £2
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3r. ....... . ..:;MCZ .

2

0 200 400 600

Figure 5.19. Total error performance of CC, MC1 and MC2: (a) total error for
f,; (b) total error for f,.
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CASE: 2 A, # A, 1, = .0625, f, = .1875

Example 5: Having considered the performance of the various CANF implementations
for the input sinusoids of equal amplitude, we now examine the performance of unequal
sinusoid amplitudes. The experiments in this example are conducted under identical
conditions as in the previous case, except for the Sinusoid Amplitude Ratio (SAR =
A,/A ). In the previous examples, this ratio was equal to unity. We now consider the case
of SAR equal to two and four. The objective here is to determine performance of the
proposed structure, MC2, for the situation of unequal sinusoid amplitudes. Earlier it was
shown that the performance of the MC2 is superior to the other configuration considered,
thus, in this example, the performance of MC2 will be compared against that of CC. This
example is intended to show the drastic difference in the convergence to the notch points
for SAR # 1, using CC and MC2.

Tables 5.9 and 5.10 show respectively the notch point frequency statistics achieved
by the CC and MC2 implementations. As before, the number in brackets shows the
number of outliers that existed in each situation. For SAR = 2 and f,, it is seen that both
configuration yield similar results . However, for f,, CC is clearly seen to not perform
well. In almost all cases, the number of outliers using CC approach the number of trials.
This indicates the inability to converge to f, and thus the limitations of CC. Using MC2
these outliers do not exist.

Now increasing SAR to 4, it is seen that for f,, both implementations yield similar
results, with the variance of MC2 being slightly lower. For the second notch point (f,),

it is seen that CC implementation does not converge at all. For all data lengths, the
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number of outliers is equivalent to the number of trials. In the MC2 implementation, for
short data there are large number of outliers, however, as the data length increases to
2048, the number of outliers approach zero. This behaviour of the two implementations
further fortifies the improved performance of the MC2 configuration. Thus, it can be
concluded that for a mismatch in the input sinusoid amplitudes, the preferred

configuration is the Modified Cascade Two.
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Table 5.9 Statistical Resuits of Frequency Estimates Using the
Conventioal Cascade (CC) Implementation for Unequal Amplitudes

SNR, = 16 SNR, = 10 dB | SNR, = 22 SNR, = 10 dB
SAR = 02 SAR = 4

BIAS VAR BIAS VAK
f; ) fy f, fy L fy fa

x10° | x10* x 10* x i0* x10* | x10 x10° | x10*

-075 26 09 2614 2 - 1772 -
.1526

2.1221

3006

1.9664 1.3398

(1)
3.2628

4.8998

Table 5.10 Statistical Results of Frequency Estimates Using the
Moiﬁed Cascade Two (MC2) Iplementation for Unequal Amlitudes

SNR, = 16 SNR, = 10 dB | SNR, = 22 SNR, = 10 dB
SAR = 02 SAR = 4

VAR BIAS
f, f; f, f f, £ fy fs

x 10° x 10° x10* | x10*
0156 7.7418 1702

2984

12555 | 4178

6683 | 9.7435 | 1.0838 | 11.174 4] (12) 4996 | 37948
5103

1.2977

37.033

14133

4.5837
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CASE 3: A, = A,, &f = If,-f

Example 6: When the problem of separation of multiple frequencies embedded in noise
is of concem, it is of interest to quantify the closeness of the frequencies. Since we are
dealing with two frequencies embedded in noise, this can be done by the proximity
difference, af. We define this as the difference between the two normalized frequencies.
Multiplying this factor by the number of data samples, the well encountered time-
bandwidth product can be obtained. In this experiment we evaluate the performance of
the MC2 configuration, it being the best of the configurations considered. To be more
specific, it is intended to show the total error achieved by the MC2 configuration as a
function of of.

For each value of the proximity difference, the total error is evaluated from 40
independent trials. SNR for every trial is 5 dB as defined in the previous cases. The lower
frequency is kept constant, f, = .0625 Hz and f, is decreased from .1875 Hz to .075 Hz

in steps of .00625. In order to avoid any spurious estimates degrading the statistics, the

resulting estimates were gated within £ 10% of the true frequency values. In this way
total error can be evaluated as a function of 4f.

In chapter 3, it was said that the debiasing coefficient, o, has two conflicting

functions. It controls the bandwidth and the sharpness of the notches for the suppression
of the sinusoids and it also controls the speed of convergence. That is, if we desire very

sharp and narrow bandwidth notches (which is necessary if the proximity difference is

small) then the value of o must be chosen close to unity. In such a case, the length of
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the input data must be increased appropriately to achieve a required error. Thus, one can
see the tradeoff that exists in the closeness of frequencies and the data length for a fixed
value of the debiasing coefficient.

We perform this experiment for three different values of the debiasing coefficient,
«, and fixed data length of 256 samples. In this way, we may sec how the total error

behaves as a function of the proximity or the time-bandwidth factor for a specific value

of the debiasing coefficient and data length.

Figures 5.20 and 5.21 show this result for o =.9 and .95, respectively. We will

\eave the third experiment for later. It is observed that for a = 95 (the higher value of

the debiasing coefficient or effectively the narrower notch bandwidth), the two frequencies
are resolved with a lower total error and the error curv~s of Fig 5.21 are staoother. By

increasing the debiasing coefficient to .95 from .90, it is possible to resolve frequencies
for a lower af.

The explanation for lower error are inherently due to the choice of the debiasing
coefficient. As o approaches unity, the algorithm will converge to the notch point
frequencies with greater accuracy. This is due to the pole-zero placement nature of the
CANFs (see chapter 3). Of course, the earlier mentioned tradeoff limits the value of o
that can be used in practical situations.

In order to resolve the two frequencies as af gets smaller, it is necessary for the
notch bandwidths to be small. They mrst be small such that there is no overlap in the
notches. Since o is kept constant to .9 for the results of Fig 5.20, as af approaches the
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lower end, there is more and more overlap in the notches. In such situations, both stages
may converge to frequencies in between f; and f, and thus the large error. Of course, it
is in this situationé that there are likelv to be larger number of outliers. This was observed
for the case of Fig 5.20, where the lack of consistency in the ermror curves is due to a

large number of outliers.
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Figure 5.20. Total error of the MC2 implementation as a function of the proximity
difference for a = .90.
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Figure 5.21. Total error for the MC2 implementation as a function of the proximity
difference for o = .95.
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We are considering the MC2 configuration for the separation of two closely spaced
frequencies, in which it is seen that the task of sinusoid frequency estimation and the
suppression has been separated. Each stage in Fig 5.16 is composed of three sections.
Since the first two sections are used to estimate only the notch point, it is possible to use

a value of the debiasing coefficient that is close to unity. Once the notch point frequency
is determined, we may use a smaller value of a for the sinusoid cancellation in the third
section of each stage, which is used for sinusoid suppression. In this manner the
conflicting roles of o can be separated.

Chapter 3 described the idea of using a time varying debiasing coefficient. Since

the first two sections of the MC2 configuration are adaptive, we may use an exponentally
increasing o described by Eq 3.49. For the reasoning and the advantages of using a time

varying debiasing coefficient refer to chapter 3. Now, this third experiment, for the case
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Figure 5.22. Total error for the MC2 implementation as a function of the proximity
difference for the time-varying debiasing coefficient.
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of total error vs. the proximity difference for the MC2 configuration is performed exactly
as the last two, except we use a time varying debiasing coefficient for the second stage
section of each stage. The following values were used in the update of the debiasing

coefficient; &, = .99, a_ =999 and @, =.96. For the first section, a constant nominal

value of o = .90 is used to obtain an estimate in the neighbourhood if the notch point
frequency. Fig 5.22 shows the plot of total error vs. af. Itis seen that the two frequencies
in this situation can be resolved for a smaller aof with lower error. It is also observed that
the outliers were virtually eliminated leading to the much smoother error curves. It is
possible to achieve the separation of frequencies with an even lower af by manipulating

the parameters in Eq 3.49. The choice of optimal parameters is dependant on the specific

case concerned and can be evaluated empirically.
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Chapter 6

Auditory evoked Brainstemm Audiometry

The previous chapter consisted of simulation results of various Constrained
Adaptive Notch Filters and the Time Delay Estimation. Having described the theory and
studying some results via simulations, we now discuss the application to the analysis of
Auditory evoked Brainstem Responses (ABR). Before discussing the results of this
application, this chapter will describe the essence of ABR. Emphasis is placed on
familiarizing the reader with the idea of ABR audiometry. Its drawbacks and motivation
for the need of more powerful processing algorithms are presented.

Non-behavioural hearing assessment has gained widespread acceptance in
Audiometry. By non behavioural, we mean that a patient need not respond to whether a
particular audible stimulus was heard by him or not, thus, avoiding any patient bias or
subjectivity. Evoked potentials or evoked responses (ERs) have gained an increasing
acceptance as a non-behavioural tool to measure acoustical sensitivity of the auditory path
in the difficult to measure patients - infants, comatose, and handicapped. From these
responses, it is possible to determine various aspects of a patient’s hearing capacity.

ERs are obtained by applying an acoustical stimulus and then measuring the
electrical activity of the brainstem by surface electrodes placed on the scalp. Measurement
of this type impose one drawback, the measured response is embedded in the background
EEG activity. Of course, we may use implanted microelectrodes in the brainstem to
localize the interference by the background EEG activity, however, one can understand

its lack of clinical feasibility for simple hearing loss test. Thus, 2 major engineering task



is to separate the ER and the background EEG. This chapter will xplore the idea of ERs
as a tool in audiological clinical environment. The first section will define What are
Evoked Responses? The second section will describe the use of these evoked potentials
in Audiometry. In particular, it will explore the waveform morphology of the auditory
ERs, the method of acquisition and the parameters of interest from the response. Section
three will describe some of the existing algorithms for processing the acquired waveforms
to reveal the ABR with emphasis on the correlation method, since this is the method most
widely used. Two examples using the correlation method will be used to show the need

for development of new signal processing algorithms.

6.1 What are Evoked Responses ?

Over the years many different tools for the analysis of the brain have emerged.
One would think that its inner workings are well understood by now. Computer generated
images of the brain anatomy fill number of medical journals, showing the zesults of N>R
and CT scans. None of these impressive techniques offer any idea of how the brain is
functioning, its ability to think, or how the information is transported back and forth.
From a psychiatric point of view, a useful tool would then be a way to decipher human
cognition or from neurological view how the brain controls various bodily functions [1].

There exists one primitive test, that does shed some light on how information is
shuttled about the brain. By primitive we mean ihat since it was first introduced in 1950s
by a physiologist named Dr. George Dawson, it hasn’t changed much. Consider

stimulating a patient’s senses - a small electrical shock, a flash of light or a tone in the
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ear - which results in electrical response being generated that eventually go to the brain,
We are able to measure these responses at the brain by electrodes pasted to the scalp [1].

These types of responses are known as ERs. They are basically
electroencephalograms (EEGs). But, unlike the ordinary EEGs (which show continuous
electrical activity of the brain), these responses are elicited in a controlled manner. That
is, ERs mark the brains transient response to a particular stimulus, such as sound. Another
way of looking at this would be to say: How does the brain react to hearing a sound. As
the sound (the stimulus) travels from the ear, throngh the brainstem and to the higher
brain, a series of pulses are generated along the way, causing scalp potential to vary with
time. From this, one can determine the reaction of a particular area along the pathway
(1,2].

If the scalp electrical recording is unusual (response appears later than expected,
has a different shape than normal and so on), then a physician may conclude something
is wrong. In this manner neurologists are using ERs to diagnose brain tumors, multiple
sclerosis and hearing loss to name a few. Psychiatrists have hopes of using ER to one day
have insights into human cognition. Some researchers believe that someday, evoked
potentials will help human-factor engineers design better cockpits, unbeatable lie-detectors
and even allow them to design equipment operated by a mere thought [1].

From the above discussion, it seems that the hopes of using ERs are great, but the
obstacles in the development of this tool are also great. The problem with ERs is that they
contain too much information. The electrodes not only pick up the response to the

stimulus but also pickup the ongoing EEG - random firing of billions of nerve cells. That
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is, even the tiniest action of the body or the mind will result in some sor: of electrical
activity in the brain - for example, electrodes detect activity from a blink of an eye,
swallowing or even the 60 Hz noise from the nearby lightbulbs [1].

To extract, the small ER (sometimes as low as a nanovolts) in the midst of large
background noise requires considerable amount of computing power. Even though the
idea of ER was developed about forty years ago, it only found its way into medical
laboratories when computers grew cheap. Its full capacity can only be realized when more
powerful software and processing algorithms are developed to separate various
components of the EEG [1].

Most neurologists, today measure ERs with the same processing tool used forty
years ago. Dr. Dawson first applied the technique of signal averaging. He reasoned that
by stimulating a patients arm, he would be able to view the ER on an oscilloscope linked
to the scalp electrodes, if he could find a way to enhance the 5 to 10 microvolt time-
locked ER in the 50-100 microvolt EEG. He exposed his oscilloscope tracings to a
photographic film. By stimulating the patient many times and superimposing the tracings
on the film, the time locked evoked response began to stand out amidst the random EEG.
One major assumption in his reasoning was time invariance of the evoked response. That
is, each stimulus will elicit a similar response, independent of time of the stimulus.
Today, instead of using a photographic plate a computer based averaging technique is
used. In 1958, engineers at Massachusetts Institute of Technology in Cambridge, designed
a computer to do this same job digitally - averaging a number of evoked tracings to

reveal the evoked response [1].
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6.2 Evoked Potential in Audiology

In the last section, the notion of ER was developed. It was said, that it is the most
promising tool in psychiatry and neurology. We will now explore the idea of ER in a
branch of medicine known as Audiology. The use of evoked responses in Audiology is
wide, thus in this report we’ll concentrate on Auditory Evoked Brainstem Response (ABR)
to determine hearing threshold of individuals. We’ll describe what are ABRs and their
waveform morphology, how the measurements are taken, and what are some of the
parameters that can be used to diagnose hearing loss.

First, the question of What is ABR? As the name implies, Auditory Evoked
Brainstem Response is an ER, obtained from the brainstem, elicited via auditory stimulus.
That is, by applying a auditory stimulus to the ear, the surface electrodes placed on the

scalp detect the electrical response of the brainstem.

6.2.1 ABR Waveform Morphology

Dr. Dawson’s reasoning in establishing the measuring technique of the ER was the
repeatability of the response. That is, for every stimulus applied, the measured response
will be similar. While this may or may not be true in other ER applications; it is
definitely applicable in the ABRs. Irrespective of the patient’s age, hearing sensitivity, or
his waveform morphology, a repeated suprathreshold stimulus will produce a similar
response [3,4]. By suprathreshold, we mean stimulus level above the hearing threshold
(i.c. lowest intensity level of the stimulus at which the brainstem response can be

detected). Thus, repeated stimulus will produce a similar response. This idea of
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repeatability is of great significance as far as the measuring of these waveform is
concerned, as will be seen later.

For the purpose of description of the ABR waveform, we’ll use a waveform
elicited at much higher stimulus level than the threshold, say 80 dBs. Fig 6.1 depicts a
typical suprathreshold waveform in time domain. The waveform of this figure is marked
with an impulse at the start of the response. The impulse is only a representation of the
stimulus to indicate the start of the response. Thus, a fraction of a second after the person
hears a click (instead of tones, a click is used as a stimulus for the ABRs), the ABR
waveform is observed for the first 10 millisecond. The response consists of a series of
peaks and valleys. Fig 6.2 shows the areas in the auditory tract, where each of the
component is generated. The first component of the waveform is generated near the inner
ear; components 2 through 5 arise somewhere in the brainstem and the location of
generation of components 6 and 7 is still ambiguous. By the time the 10 milliseconds
have elapsed the response has probably reached the cerebral cortex, the higher brain. In
this region, the response is processed as cognition and is of no use as far as auditory
evaluation is concemned. The locations of generation of these component responses in Fig
6.2 are only approximate as no one knows the exact point of generation. In all likelihood,

there is more than one source for each component [1].
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Figure 6.1. Auditory Evoked Brainstem Response.
[adapted from [3]]

Figs 6.1 and 6.2 show the ABR waveform that is generated in normal healthy
individuals. There exists a small variation in response from person to person, however,
the general waveform shape is preserved. There have been attempts to categorize all
possible waveforms into a finite set that can be used for template processing [5].

We’ve looked at the ABR in time domain up to now. We'll now consider this
response in frequency domain, it will prove to be useful in the analysis or in the recovery
of the signal from the noise. The spectral energy of the human APR appears to decrease
up to about 2000 Hz and flattens above 2000 Hz. From the present studies available,
spectral energy is limited to 1500 Hz. There are three main components: a low frequency
component at around 100 Hz, in literature there appears to be some controversy about the
existence of this component; a midfrequency component around 500 Hz; and a high
frequency component at 1000 Hz. Fig 6.3 shows a typical 'spectra of an ABR. Studies
suggest that the midfrequency component is associated with component 5 of Fig 6.2, and

the high frequency component is associated with the early components, 1 through 4.
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Figure 6.2. Location of generation of components of ABR. [adapted from [1]]

These two frequency components are probably the most important for hearing threshold

and other diagnostics [6].
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Figure 6.3. Spectra of ABR.
[adapted from [6]]

6.2.2 Measurement Techniques

ABR waveforms, unfortunately comprise about 1 percent [7] of the ongoing EEG
activity and thus must be extracted by some signal processing mean. Earlier, it was said
that the technique that was used forty years ago, is still in practice today - the idea of
signal averaging to eliminate noise. Consider a digitized signal (k refers to discrete time

and the subscript i refers to i’th run in the averaging process)
)"(k) - X‘(k) + nj(k)) (6.1)

where x(k) is the evoked response and n(k) is the background noise. Now, if the noise
is assumed to be white (there is no correlation in individual samples) and is uncorrelated
with x(k), then we can enhance the signal x(k) by applying signal averaging technique.
Since every response y; will have a noise component n; that is uncorrelated from response
to response (results of whiteness of the noise) then by using this random nature, it is
possible to sum a large number of responses to reduce the effect of noise. In the

following equation
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if M approaches a large number then the effect of the noise can be minimized, revealing

a clean ABR component. In Eq 6.2, K is a normalizing factor, x(k) is the ABR, n(k) is
the noise and £ (k) is the estimated ABR. If the ABR component of the signal y is not

similar from run to run, then it is obvious that some of it will also be cancelled. For a
further discussion of the stochastic nature of signals refer to [8,9].

There are many different ways to record these responses, one such system is
shown in Fig 6.4. Standard EEG disk electrodes are attached to the vertex, the mastoid
and the forehead which is used as a ground reference. The preamplifier can have a
variable gain whi.h is usually around 100 within the cutoff frequencies of about 100 Hz
and 3000 Hz. The output of this preamplifier is connected to an amplifier of a gain
around 1000, which is also adjustable. The amplifier is connected to a filter which is
setup as a low pass with a cutoff of SkHz. This filter is used to remove all high frequency
spiks in the EEG and prevent them from being averaged in the response. Finally a
microcomputer based dara acquisition system is used to average and store the waveforms.
The applied auditory stimulus is a very small pulse with its intensity adjusted by a decade
counter. The reason for using a pulse instead of a tone is that a pulse is composed of
many harmonics. Thus, it is capable of exciting the neurons in the auditory tract at all
frequencies, not just a single tone. In this manner, ABRs at differcat stimulus intensity
levels can be obtained. Through an carphone, the click or the pulse stimulus is monaurally

delivered to a patient relaxed in a supine position in a sound-attenuated chamber. Once
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an averaged response corresponding to a particular stimulus level is obtained then the
operator can manually change the intensity level of the stimulus for the next ABR. In this.
manner a typical ABR testing procedure will involve a collection of a set of responses,

associated with different stimulus levels, for each ear [7].
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Fig. 2. Recording equipment.

Figure 6.4. ABR recording technique. [adapted from [7]]

6.2.3 Evaluation

Up to now, the idea of evoked potentials as applied to ABR and their
measurement techniques have been described. This section will describe how these
waveforms are used in audiological assessment. That is, the parameters of the ABRs that

are of interest.
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ABR waveforms can be used to diagnose various aspects of the brain and the
hearing. Here, we’ll concentrate on two very important deductions from ABR. They are
the hearing level threshold and the detection of neurological disorders in the auditory tract
[1,2,7,10,11,12].

A typical ABR recording session lasts about 45 minutes. The subject is placed in
a supine position in a sound-attenuated chamber. The measurements are obtained in an
ipsilateral configuration (stimulus is applicd to the ear that is being tested), however,
contralateral (stimulus is applied to the ear opposite to the one being tested)
measurements are taken in certain cases. In a general procedure, the examiner begins by
obtaining a response with a high (suprathreshold) stimulus level and then in a
predetermined step size decreases the stimulus level to obtain a set of responses for each
car. He also obtains a response with no stimulus, a control. Each ear is tested
independently.

In the determination of the hearing "threshold" or the lowest intensity level at
which a response is detected, it is necessary to collect averaged responses at various
intensity levels and then determine whether an ABR is present or only background EEG
exists. Thus, in this manner the only parameter of interest is the amplitude of the ABR,
that is, it is only required to distinguish the presence or absence of the ABR, rather than
its shape. At intensities much higher than a person’s threshold, ABRs are casily detected
upon visual inspection, however, as the intensity approaches a person’s threshold, the
response is marred by the background EEG activity and it becomes a difficult task for the

clinician to evaluate these waveforms. Fig 6.5 shows a set of ABR waveforms for left ear
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of one subject. Evaluation of this set yielded a threshold of 50 db. Notice that the
waveforms at suprathreshold stimulus levels are clean and easily detected, however, at
levels below and close to the threshold, it is difficult to determine the presence or absence
of the ABR [4,10,11].

The second diagnosis that is available from these tests is the ability to detect
neurological disorders. Upon examination of the set of responses, a latency vs. stimulus
intensity (LI) curve can be determined. For the purpose of developing the LI curve,
overall latency of a particular response is measured as the time delay of the fifth
component relative to the delay of the previous response (the response due to a stimulus
one level higher). In Fig 6.5, the latency of the fifth component is shown as the thick dark
curve. A large deviation of the LI curve from the normal may lead an audiologist to
consider the possibility of neurological disorder. It is possible that some sort of tumor has
developed. Another indication of a tumor may be the intercomponent latencies of a
particular response. That is, for example, if the delay between component one and
component five of a response at some stimulus level is out of the norm, then it may lead

to an indication of other disorders [2,79].
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Figure 6.5. Acquired set of waveforms at Different intensities for
one ear of a subject.

6.3 Present Methods of Evaluating the Measured Signals

Whether an ABR is judged as being present or absent depends on the testers
experience in evaluating the waveforms. These judgments of the waveforms can become
subjective since the tester may have some prior knowledge of the patient history or he
may simply see the waveforms differently on different days. When the ABRs are
particularly noisy, the tester bias becomes increasingly important and may lead to
erroneous evaluations. Another problem that exists in this kind of visual evaluation is
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intertester reliavility. Different testers may adopt different criterion for accepting a
waveform as containing an ABR. Thus, evaluation of the ABRs for hearing threshold is
not a wholly objective procedure [11].

To eliminate the subjectivity in the evaluation process, various ideas have been
proposed in literature. The goal has been to develop a mathematical tool to detect the
presence of the ABR. Weber and Fletcher [4] have proposed an algorithm based on
correlation between pairs of waves obtained with and without acoustic stimulus. Wong
and Bickford [12]) compared the power in the ABR waveforms with and without acoustic
stimulus. Salamon [14] applied a non parametric analysis of the variance test. All the
above algorithms were found to have same statistical validity as the visual detection
method, however no extensive studies have been done to dismiss or accept the usefulness
of these methods. By visual detection, we mean that a clinician scores the
presence/absence of the ABR by looking at the averaged waveform. Recently, Amold [10]
compared visual detection against (1) correlation [4]; (2) variance ratio [12]; and (3)
multiple pre-post Z test [15]. The results indicate that the visual detection was the most
sensitive, but it was not more statistically sensitive than the correlation method. In the
following, a description of the variance and the correlation method will be given with
emphasis on the correlation method. Two example of hearing assessment will be shown

using the correlation method.

6.3.1 Variance Ratio [12]
Using the variance ratio test, in determining the hearing threshold, a slightly

modified measuring technique is used. Tester obtains non-stimulus waveform for each ear
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as in the ususal measurements. However, in using the variance ratio test for detection, a
nonstimulus waveform corresponding to each stimulus waveform is needed. Instead of
using the standard 10 millisecond window, a 20 millisecond window is used with stimulus
being applied at the 10 millisecond mark. This is shown as the pre and the post stimulus
waveforms in Fig 6.6. The reasoning behind using a separate control run for each
stimulus is that it is expected that the background activity may have some similarities in
continuum of time and thus the influence on the pre and post section may have similarity

to a certain degree.
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Figure 6.6. Example of variance ratio detection method
for a 10 dB SL trial. [adapted from [10]]

Every waveform obtained has fluctuations about some baseline. The extent of
these fluctuations can be quantified by computing the variance. The variance will be
related to the size of the peaks, thus, the pre-stimulus waveform will have a lower
variance (it is only noise, no ABR is present) as compared to the post-stimulus waveform.
The pre and post refer to waveforms obtained without and with stimulus, respectively.

The variance is computed as
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where x(k) is the value of the waveform at time k, X is the mean value of all points

along the waveform, and N is the number of points in each waveform.

To detect the presence of ABR, it is necessary to determine whether the variance
of the poststimulus waveform is greater than the variance of the prestimulus waveform.
The ratio, var(post)/var(pre), is used to compare the variability of the pre and poststimulus
pairs of waveforms. If the ABR is not present, then the ratio will be close tc unity as both
pre and post waveform comprise only of noise. If the poststimulus contains an ABR, then
the ratio should be higher then unity. The higher the ratio, the greater the certainty of an
ABR being present. For each stimulus level, the measurements are taken twice and the
presence of an ABR is judged, if ratios from the two trials are greater than some criterion

value. This criterion value can be determined by an empirical study.

6.3.2 Correlation Method (9]

As in the variance ratio test, the correlation method requires a slightly modified
approach in the general waveform acquisition. In this method we do not need pre and post
type of measurements, however, it is required that two waveforms be acquired for each

stimulus level. A typically acquired waveform set of one subject’s left ear is shown in Fig

6.7.
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Figure 6.7. A typical set of ABR of one ear.

The rationale for using correlation analysis is based on two factors. First, it uses
the idea of repeatability, two waveforms obtained from same stimulus must be correlated
to some degree. Secondly, the waveforms are composed of a number of points (usually
256) representing discrete values at equally spaced time intervals and are stored as such.

It is possible to use the Pearson r correlation [15] to compare any two waveforrns. Thus,
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a scries of digital values of one waveform can be correlated to the corresponding digital
values of another waveform.

Using the Pearson r correlation, it is possible to develop a mathematical tool for
detection of ABR. If for example, a stimulus well above the threshold is presented to a
patient, the averaged waveform will clearly reveal the ABR. A waveform obtained in a
second trial with same stimulus intensity level will be similar. Then, if the two waveforms
are correlated, a positive correlation coefficient will result. Conversely, if the applied
stimulus intensity level is at or below the threshold, the waveforms show no consistency
and hence, a much lower cormelation coefficient will be seen.

The ABR correlation analysis works in the following manner. Each waveform of
10 millisecond duration contains 256 points, only the last 128 points (those occurring in
the interval 5 mS to 10 ms) are used in the correlation process. By windowing out the
first 128 points, we have effectively insured the removal of any stimulus artifact that may
exist at the start. With this windowing, the correlation method will focus on region
containing the all important component V of the ABR since it occurs after the first 5 ms.
A computer is used to obtain Pearson r correlation coefficient, PRCC, by comparing the
128 pairs of digital values for each of the stimulus intensity levels.

The PRCC at or below the threshold are approximately zero, indicating little
similarity between waveforms. However, above the threshold, the PRCC are greater than
zero. It is important to determine whether a high comrelation could have occumed by
chance. This can be achieved by comrelating each of the two waveforms (obtained with

same stimulus intensity level) with each of the two control waveforms (nonstimulus
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waveform). Thus, four additional PRCCs are obtained. Now, if the subject responded to
a test stimulus, then the PRCC of the stimulus vs. stimulus runs should be higher value
than the PRCCs of the four stimulus vs. silent control runs.

The remaining step in this procedure is to determine, if the PRCC of the stimulus

vs. stimulus run and the four PRCCs of the stimulus vs. control runs is significantly

larger. This can be done using the Fisher 2’ transformation [7). The PRCCs are converted

to a Z’ score, which can then be related to a gaussian distribution yielding a probability

value. The presence of an ABR at any stimulus intensity level is then defined as follows:
the PRCC of the stimulus vs. stimulus run must be larger (.05 level of confidence) than

three of the four PRCCs of the stimulus vs. silent control runs.

6.3.3 Demonstration of the Correlation Method

Having described the correlation method, it is fitting to show its performance. Two
examples will be used to show its failure to work as a useful tool. The first example will
show its ability to work as a useful tool. Conversely, the second example will show its
failure to detect ABR, thus, the inconsistency of the algorithm.

Example 1: Fig 6.8 contains a set of waveforms of one ear of a patient at various
different intensities. Two averaged waveforms are obtained for each stimulus intensity
level. The last two wave rms are the silent control waveforms (those obtained without
applying stimulus). Table I shows the results of correlation method. Upon visual
evaluation by an experienced clinician it ascertained that the threshold for this patient’s

right ear is approximately 55 dB. This is confirmed by the results in Table I, the criterion
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as described above is achicved for stimulus intensity levels as low as 55dB. That is, the
PRCC of the two stimulus runs is greater than at least 3 of the 4 stimulus vs. control
PRCC:s for each stimulus level as low as 55dB. At stimulus level of 55 dB, this criterion

fails and no ABR is considered to be present. This is consistent with visual evaluation.

Figure 6.8. Set of ABR of one ear depicting the usefullness
of Correlation technique.
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Table 6.1 Results of Correlation Method
_Showing Its Effectivness

Hearing .
. Stimulus
Sensation PRCC RESPONSE

| Level (dB)

Example 2: Fig 6.9 contains a set of waveforms of one ear of a patient at various
stimulus. As above, two waveforms are obtained for each stimulus intensity level. The last
two waveforms are the control runs. Table II shows the results of the correlation analysis.
Visual inspection by an experienced clinician reveals the threshold to be around 55 dB.
However, the correlation analysis suggests profound hearing loss. At every stimulus level,
the analysis shows that the PRCC of the stimulus vs. stimulus run is not significantly
larger than three of the four stimulus vs. control PRCCs. This contradiction in evaluation
clearly shows the weakness of the comelation method. It evaluates a waveform as
containing no ABR, when upon visual inspection the waveforms clearly contain ABRs.
Thus the correlation algorithm yielded the incorrect evaluation. The lack of consistency
of this method renders it a useless tool in an automated threshold tracking device, as this

is the ultimate goal.
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Figure 6.9. Set of ABR showing the inconsistency of the
correlation method.
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Table 6.2 Results of Correlation Method
Showing Its Noneffectivness

sHearir.lg Stimulus
ensation PRCC

' Level (dB)
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Chapter 7
Results of ABR

In chapter 5, computer generated data was used to describe the relative
performance of the algorithms considered, while chapter 6 described the area of ABR
audiometry. This chapter presents the results of applying ABR data to these algorithms.
Section one describes the ABR acquisition setup. Section two presents the results of ABR
enhancement using CANF based algorithms and in section three, these enhanced ABRs

are used to determine latencies of the ABRs by various cross correlation techniques.

7.1 ABR Acquisition System

The data acquisition system used for the recording of the ABRs was setup as
described in Fig 6.4. Since single channel recc;rding is done, clip electrodes are attached
to the earlobes and a standard EEG disk electrode is attached to the forchead, which is
used as the ground reference. The incoming EEG signal is amplified using a GRASS P15
preamplifier with a gain of 100. The output of the preamplifier is connected to a GRASS
P511 amplifier with a gain of 1000. This output is then passed through a KRONHITE
3342 adjustable filter to eliminate spurious high frequency peaks from degrading the
averaged evoked response. It is set up as a lowpass filter with a corner frequency of 5
kHz and a stopband roll-off of 48 dB/octave. A NICOLET MED 80 was used to average

the individual responses. The data was stored on floppy disks and later transferred to an
IBM PC environment. A 100 uS stimulus pulse was generated using a GRASS S88

stimulator. The intensity of this pulse was adjusted by an HP350D decade counter. The



stimulus pulse was delivered monaurally with a TELEPHONICS TDH-49 earphone with
a 10 Q input impedance.

The sampling rate for the analog-to-digital conversion was chosen to be 25 kHz
and the duration of waveform is 10.24 mS. The individual ABRs were acquired at rate
of 37 clicks/s. Throughout the experiment, the subject remained in a supine position in

a sound attenuated chamber.

7.2 CANFs in ABR enhancement

Simulation results in section 1 of chapter 5 showed the performance difference of
the three implementations considered, namely those of the CANF based CC, MC1 and
MC2. We will now use these proposed configurations for the ABR signal enhancement.
ABR enhancement can be achieved by subtracting the output of the proposed
implementation from its input, as depicted in Fig 3.6. Each ABR used in these analysis
is an average of 1024 individual responses for the same stimulus intensity. This
averaging, a standard in ABR audiometry, is used to enhance the low SNR that is inherent
in evoked potentials. All averaged ABRs must be preprocessed before using them in the
considered algorithms.

First, the stimulus artifact must be eliminated while ensuring that the ABR stays
intact. This is accomplished with an 8" order digital butterworth bandpass filter with an
upper and lower corner frequencies of 300 and 1500 Hz, respectively. Since the two
frequencies of interest are well within the passband, this filter adequately removes the

stimulus artifact while ensuring the signal integrity. Secondly, each waveform is
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normalized by its maximum value. By this normalization, the maximum value of all
waveforms is unity and thus, the rate of convergence (}t ), in the adaptive procedure can

remain constant for all waveforms. Eq 7.1, the CANF parameter update equation, can be

used to explain this reasoning:
0(k) = 6(k-1) + pK(n)ick) 7.1)

It can be seen that the value of (k) is dependent on the power of the output noise, 7 (k).
Thus, if the range of the amplitudes of the different waveforms varied, then it is obvious
that the rate of convergence factor (1) needs to be changed from ABR to ABR for
CANF to convergence. By constraining the dynamic range of the amplitudes to a
maximum value of unity, it is possible to use the same step size, i, for all waveforms.

In our simulation study, it was observed that the total error in the notch point
frequency was the lowest for the MC2 implementation; while the total error of CC and
MCI1 were approximately equivalent. However, in the spectral analysis of the transient,
MCI1 (and MC2) was found to be superior to CC. Analysis of real data ABR will be
restricted to CC and MC1 implementations. The reason for this is as follows: since the
approximate center frequencies of these two components are known, CANF coefficient
corresponding to these frequencies can be used as the initial starting guess in the adaptive
process. In MC2, the first section is used to obtain an estimate of the CANF parameters
in the neighbourhood of the desired frequencies. Now, since we already have an a priori
knowledge of this estimate, it is possible to eliminate this section. From this viewpoint,
MCI can be considered to be MC2. We, therefore, will use only CC and MCI1 for the

spectral analysis of ABR.
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In the adaptive procedure of CC and MC], after intensive experimenting, the
debiasing coefficient, o, was set to .96. After, having estimated the coefficient

corresponding to the notch point, the debiasing coefficient was increased to .97 in the
CNF section of each stage (the fixed filter section of MC1). By this increase in the
debiasing coefficient, it is possible to achieve a slightly narrower notch bandwidth, while

maintaining a small transient time of CNF. Narrow notch bandwidth are required for
closely spaced sinusoids of this application. The rate of convergence or the step size (1)

was set to 0.3 for all adaptations.

7.2.1 ABR Spectral Analysis

Fig 7.1a,b,c,d show the Power Spectral Densities, PSDs, of (1) ABR (before the
removal of the artifact); (2) ABR (after the removal of artifact); (3) enhanced ABR using
a two stage implementation of CC; 4) enhanced ABR using a two stage implementation
of MC1. In the presence of noise, from Fig 7.1a,b, it is observed that the PSD based on
FFT alone is not able to resolve the two components clearly. Results of MC1 and CC in
Fig 7.1c,d, respectively, clearly indicate the resolution of the two components. As well,
there is a marked improvement in the PSD of ABRs using the MC1 over that of CC. The
point to remember is that it is inherently possible for both stages of CC implementation
to converge to the same frequency. This would fail to resolve the two ABR frequency
components, hence the failure of CC. Based on the ABR corresponding to Fig 7.1a, this
subject was evaluated to be profoundly deaf in the ear considered at this stimulus
intensity. But, the results of Fig 7.1c,d particularly Fig 7.1d, suggest clear existence of

the two important components around $00 and 1000 Hz.
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Figure 7.1. PSDs of (a) ABR (before artifact removal); (b) ABR after artifact
removal; (c) ABR enhanced by CC; (d) ABR enhanced by MC1.

Observing the corresponding ABRs in Fig 7.2, it is likely that a reversal in evaluation by
an audiologist is warranted. Another important observation from these results is the
latency (time of occurrence) of the fifth component, labelled V in Fig 7.2. Before using
MC1 and CC to enhance the ABR, it is observed that the latency of this fifth component

is around 5.7 mS, while the enhanced ABR shows this to be about 5.1 mS, a more

acceptable value.
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Figure 7.2. ABRs corresponding to the PSDs of Fig 7.1

7.2.2 Threshold Detection

From the above results, it is apparent that the MC1 implementation of CANF
provides better results than the CC implementation. In the next two examples, we'll use
two sets of ABRs that have been processed by MC1 and CC, to determine hearing
thresholds. This hearing threshold is compared to the threshold determined by the existing

algorithm in use, namely the correlation method described in chapter 6.
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Example 1. Fig 7.3a,b,c shows the recording of ABR before filtering (i.e. as acquired),
ABRs processed via MC1 and CC implementations, respectively. The numbers in
parenthesis on the right indicates the stimulus intensity in dBs and the solid and dashed
lines indicate two different averaged waveforms acquired for the same intensity level. For
cach intensity level, two ABRs are acquired, which are shown in pairs (solid-dashed line).
The last pair in each set is the silent control, i.c. response obtained without applying a
stimulus.

Examining the original (unfiltered) waveforms of Fig 7.3a, it was ascertained by
an audiologist that they showed no response. It was concluded that this subject is severely
hearing impaired, however, it may still be possible for the high levels of the physical
activity to influence the outcome. Table 7.1 shows the results of the correlation method.
From these results, it is impossible to determine a threst.old level. The criterion for the
detcction of ABR (described in chapter 6) by the comelation method is not met
consistently enough, to be able to make a threshold decision. Fig 7.3c contains the ABRs
enhanced by the CC implementation. By evaluating these waveforms, it can be roughly
seen that there exists a response for stimulus intensity as low as 85 dB, however, it is
likely that the threshold is even lower. Fig 7.3b contains the ABRs enhanced by the MC1
implementation. Response for stimulus level as low as 75 dBs can be detected easily. As
with the results of CC, it is likely that a trained clinician may accept the waveforms due
to even lower stimulus intensities as containing a response. In this latter set, the results
of MC1, various components of each ABR appear to be defined more clearly than the CC
results. Thus, other parameters of the ABR audiometry (such as latency) can be much

more readily detected.
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Example 2. As in the last example, Fig 7.4a,b,c contain the recording of a set of ABRs
at various stimulus intensities, ABRs processed by MC1 and those processed via CC,
respectively. In this situation, based on the visual inspection of the waveforms of Fig
7.4a, by an audiologist, profound hearing loss of this ear is concluded. Correlation method
yielded a threshold as low as 95 dBs, inconsistent with that of the visual inspection. The
waveform in Fig 7.4b,c both yield a threshold as low as 85 dBs, with the individual peaks
in Fig 7.4b being much more defined. Should the test have continued for lower intensities,

it may be possible (even likely) that the hearing threshold becomes lower.
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Table 7.1 Correlation Method Analysis of ABRs of Fig 7.3a

Hearing
Sensation
Level (dB)

Table 7.2 Correlation Method Analysis of ABR of Fig 7.4a

Hearing Stimulus Control RESPONSE

Sensation
| Level (dB) PRCC PRCC
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Figure 7.3. (a) Set of averaged ABRs for one ear of one
subject; (b) ABRs filtered by MC1; (c) ABRs filtered by
CC.
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Figure 7.3 (con’t)

-151-



(c)

Figure 7.3 (con’t)
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Figure 7.4. (a) Set of averaged ABRs for one ear of a
subject; (b) ABRs filtered by MC1; (c) ABRs filtered by

CC.
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(b)
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From the above two examples, it is obvious that the correlation method and the
visual evaluation of the noisy ABRs can at times lead to incorrect conclusions. Processing
these ABRs with the CC and MC1 implementation leads to cleaner ABRs and thus the
improved visual evaluation. /t would be interesting to see the results of the correlation
method for detecting the presence of ABRs, using the ABRs processed with MCI
implemetation. The reliability of visual inspection is increased. Parameters, such as
latencies, can be elicited much more readily from the CANF filtered ABRs than
otherwise. MC1 and CC implementations, therefore, can form a useful tool in the ABR

audiometry.
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7.3 Cross Correlation for ABR Latency Detection

In this section, results of using generalized cross correlation techniques to estimate
the group delay of the successive waveforms in the series of waveforms of one ear of one
patient, relative to the waveforms obtained with the highest intensity stimulus are
presented. The two waveforms obtained with the highest stimulus intensity are used as
the reference. In this manner, for each intensity level, there will be four latency values
determined with respect to the waveform obtained at the highest intensity level. We may
then take the average of the four values as the latency for that particular stimulus
intensity. Before the cross correlation technique is applied, the amplitudes of all
waveforms are scaled such that the levels are equivalent to the reference signal (that of
the highest stimulus intensity) and the mean is removed from each ABR.

In determining the overall latencies of ABRs, two GCC were realized, those being
the Approximate Maximum Likelihood (AML) and the basic Cross Correlator (CC). All
the necessary spectrums are estimated directly from the observed ABRs using FFTs.
Because the recorded waveforms are extremely noisy, ABRs filtered via MCI
implementation will be used in the determining of latencies of waveforms. For the set
of ABRs used in this analysis, it was determined by an audiologist that the threshold is
around 65 dBs. Latencies, therefore, are only determined for ABRs as low as 65 dB
stimulus intensity. Fig 7.5 shows the Latency-Intensity curves achieved by the AML and
CC GCCs. It is seen that, as the intensity is decreased, the latency increases. This is in

agreement with the expected behaviour of the ABRs. A trained clinician can now use
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Figure 7.5. Latency-Intensity relationship as determined by the AML and CC GCCs.

these LI curves to compare against the accepted standards. Should the result deviate out
of the norm, certain diagnosis can be deduced. In Fig 7.5, latencies are biased by 5.2 mS,
as this is the approximate latency of the fifth component of the ABR obtained by
applying the highest stimulus intensity level. Now, for lower stimulus intensities, the
latencies will be relative to this value. By this shift in the latencies, it is easier for a

clinician to compare against the available standard latencies of the fifth component.
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Chapter 8

Conclusion

Auditory evoked Brainstem Responses (ABRs) are used in determining certain
aspects of a person’s hearing capacity. Due to their non-invasive nature, they are highly
masked by the background EEG. At times, particularly near the hearing threshold,
averaging does not help the APR to stand out. Plethora of signal processing algorithms
have been applied to enhance the ABRs, but, none have triumphed.

In this thesis, constrained adaptive IIR filters (known as CANFs in literature) were
applied to enhance ABRs. It was shown by the error surface analysis how to circumvent
the problem of CANFs (direct form implementation) converging to a local minimum. By
using a cascade connection of second order CANFs, local minima were shown to be
climinated. Enhanced performance of the Conventional Cascade (CC) implementation was
shown via simulations.

By decoupling the estimation of the CANF parameters and the filtering operation
in the Modified Cascade One (MC1) and Modified Cascade Two (MC2), it was shown
via simulations that the overall performance increased significantly. Since, all three
implementations are equivalent for large data, these improved results of using MC1 and
MC2 configurations, are with respect to short data only.

Having realized the performance improvement, these implementations of the
CANFs were applied to real ABR data. In the previous chapter, it was shown how the
CANF based filtering provides for noise reduced ABRs. These noise free waveforms were

then used to determine hearing threshold of two patients. It was clearly shown that there



exists a wide disparity in the threshold determined before and after the filtering. The
presence of a response was clear in certain cases, where the unfiltered waveforms
suggested its absence. The patient of Example 2 in section 2 of chapter 7 was clinically
evaluated to be deaf for the ear considered, however, using the filtered waveform in the
evaluation the extent of his deafness need be reconsidered. Although, the time-domain
results of CC and MC1 both indicated similar performance in terms of the presence of
the ABR, the results of MC1 revealed the various components of ABRs much more
clearly. Using ABR spectra to decide the presence of a response, one can conclude that
MC1 is superior.

In the last section of chapter 7, the Approximate Maximum Likelihood and basic
Cross Correlators were used to determine the latencies of ABRs, relative to the stimulus
intensity levels. From these results, it appears that the difference between the two
implementations is negligible (AML being slighdy better, expected result according to
theory and simulations) as far as the clinical evaluation is concerned. The latencies are
somewhat smaller than expected. Before either of these two algorithms can be accepted
or dismissed as compared to the visual evaluation of latencies, extensive study using a
large number of ABRs must be conducted. For the patient in section 7.3, the AML and

CC do not suggest latency estimation using GCC:s to be better than the visual evaluation.
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Suggested Future Work

The event-related waveforms used in this work were all averaged waveforms. The
repeatability of these waveforms was assumed in the averaging process. That is, the
evoked response (desired ABR) may not be similar from trial to trial. It should be realized
that any phase changes or slight frequency drifts from trial to trial will not distor: the
averaged waveform, if the length of the observation interval leads to infinity. However,
if we deal with finite observation interval, particularly with very short one, the averaged
response will invariably be distorted. Thus, a possible alternative for detection of ABR
may be to process N individual evoked responses (before averaging) using the above
CANF methods to determine the approximate frequencies of the two component. This can
be accomplished by transforming the CANF coefficient to the appropriate frequency
values. The consistency of the frequency estimates for the N waveforms due to the same
stimulus can then be used by some automated detection criteria to make a decision as to
the presence or absence of an ABR. If the presence of an ABR is detected, then knowing
that a response exists, these N waveform can be averaged to yield the desired signal for
further processing to yield other clinically important ABR parameters such as latencies

and the various ABR components.
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APPENDIX A

The constant C in Eq 2.21 is given by

N

c- 1 I 1 Al
Jz_ﬁlg,,l et JZTIQ,(I:)I
where
Sak) S,k
om=-|>" 7
Sak) S, (k)
Hence,
10| = S(k) S, (k) - S_(k) S () A2

Suppressing the discrete frequency argument (k) and under the assumption S_(f) = O,

Eq A2 can be written as

Q4 = 5,+S,,)6,+S,,) - €S, A3

Substituting A3 in Al yields the constant C that is independent if the delay, D.
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APPENDIX B

Eq 2.23 can be written as the sum of two terms as
J=1J +J, B1

J, and J, will be derived and the independence of J, on the delay, D will be shown. The
inverse of the Power Spectral Density matrix, Qg(f) of Eq 2.23 can be written in terms

of the Magnitude Coherence Function as

1 -S9) |
0:'() - 1 50 S50 B2
oy f| -Si0 1
5. 05,0 S
where

S2(f)

Iy (f W e 27

= Shs 6

which will exist provided ly_(f¥* # 1. Substituing B2 in the Eq 2.23 and performing

some mathematical manipulations yields

J, - ]‘ 1 [”“f)'z « YO 4 B3a

L1-l ORS00 S0
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and

J, = - [JAQ) + 4] B3b
-k O

where

aS, (f)e™P

Af) = X()Y*(f ) ——
) = X() (f)S,(f)S,,(f)

For x(t) and y(t) real signals, letting S,,(f ) = Z(Lf-)zl:-'-@ and under the assumptions

S,.(f)=0, J; can be rewritten as

T 1 ly, (F)F
J, = =2T [S_() ] PP gf B4
’ .{"(f 5,111 - by, ()

From Eq B3a, it is easliy seen that J, is independent of D and J, is as required.
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