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Embolic Doppler Ultrasound Signal Detection Using
Discrete Wavelet Transform

Nizamettin Aydin, Member, IEEE, Farokh Marvasti, Senior Member, IEEE, and Hugh S. Markus

Abstract—Asymptomatic circulating emboli can be detected by
Doppler ultrasound. Embolic Doppler ultrasound signals are short
duration transient like signals. The wavelet transform is an ideal
method for analysis and detection of such signals by optimizing
time-frequency resolution. We propose a detection system based
on the discrete wavelet transform (DWT) and study some parame-
ters, which might be useful for describing embolic signals (ES). We
used a fast DWT algorithm based on the Daubechies eighth-order
wavelet filters with eight scales. In order to evaluate feasibility of
the DWT of ES, two independent data sets, each comprising of
short segments containing an ES (N = 100), artifact (N =
100) or Doppler speckle (DS) (N = 100), were used. After ap-
plying the DWT to the data, several parameters were evaluated.
The threshold values used for both data sets were optimized using
the first data set. While the DWT coefficients resulting from arti-
facts dominantly appear at the higher scales (five, six, seven, and
eight), the DWT coefficients at the lower scales (one, two, three,
and four) are mainly dominated by ES and DS. The DWT is able
to filter out most of the artifacts inherently during the transform
process. For the first data set, 98 out of 100 ES were detected as
ES. For the second data set, 95 out of 100 ES were detected as ES
when the same threshold values were used. The algorithm was also
tested with a third data set comprising 202 normal ES; 198 signals
were detected as ES.

Index Terms—Cerebral emboli, detection, discrete wavelet
transform (DWT), fuzzy logic, ultrasound, wavelet.

I. INTRODUCTION

SYMPTOMATIC circulating cerebral emboli can be de-

tected by transcranial Doppler ultrasound [1]. In certain
conditions, such as carotid artery stenosis, asymptomatic em-
bolic signals (ES) appear to be markers of increased stroke risk
and may be useful in patient management [2]. A major problem
with clinical implementation of the technique is the lack of a re-
liable automated system of ES detection. Recordings in patients
may need to be one or more hours in duration and analyzing the
spectra visually is time consuming and subject to observer fa-
tigue and error. While interobserver reproducibility studies have
demonstrated that there is an overall high level of agreement in
identifying ES, this is poorest for ES of low relative intensity
[3]. Any processing method, which improves the ratio of the ES
to the background blood signal (EBR), will improve the perfor-
mance of an automated system.
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Embolic signals

2 2
“’WW\&*«NJMW N A
T
(@ O x 0
=)
2 *al
0 50 100 0 50 100
2 i 2
R —_
l,wwﬂw*m,'ﬁq !{Wlmw § A
) O ‘ x0
ORI FORP I PREPROVN B - o
9 ==
0 50 100 0 50 100
2 i 2
el i v, -
I L L4
© 0 =0
2 50 100 % 50 100
2 2
bt b R - v
(d) 0 A = 0 . )
oo,
“o 50 100 % 50 100
Time (ms)
Fig. 1. Examples of normalized ES seen in vivo and corresponding TF

distributions. For clarity, forward and reverse flow components are scaled by 1
and —1, respectively.

Embolic Doppler ultrasound signals reflected by emboli,
which are much bigger than red blood cells, have some dis-
tinctive characteristics when compared to high intensity signals
from normal blood flow, which are termed as Doppler speckle
(DS), and artifacts caused by tissue movement, probe tapping,
speaking, etc. They appear as increasing and then decreasing
in intensity for a short duration, usually less than 300 ms [4].
The bandwidth of ES is usually much less than that of DS.
Therefore, they can be considered as narrow-band signals
relative to DS [5]. They are also oscillating and finite signals
like wavelets. On the other hand, DS are random fluctuations
in the intensity of Doppler signals from blood flow and are
band-limited signals as they are caused by many small scat-
terers (red blood cells) within the ultrasonic sample volume.
DS does not have an associated characteristic click or chirping
sound which is always associated with ES, and the distribution
of high signal is more random rather than rising to a peak at
a single frequency. Unlike artifacts, ES are unidirectional and
usually contained within the flow spectrum [6]. The spectral
content of an ES is also time dependent. Fig. 1 illustrates some
examples of ES (forward and reverse flow components) seen in
vivo and corresponding time-frequency (TF) representations.
The ES in Fig. 1(a) is well defined. Detection of such ES is
quite easy. The ES in Fig. 1(b) has a complex TF structure.
ES corrupted by large artifacts are shown in Fig. 1(c) and (d).
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An implication of this is that simple analysis and detection
techniques are likely to fail.

A number of methods to detect cerebral emboli and to dis-
criminate them from artifacts using Doppler ultrasound have
been studied in the literature. These include discrimination of
ES based on audio—visual characteristics [7], [8], spectral anal-
ysis [9], automated detection software [6], a trained neural net-
work [10], a coincidence method [11], a TF processing based
on spectrogram [12], [13], a frequency filtering method based
on bandpass filters with a fixed bandwidth [14], a rule-based ex-
pert system [15], an off-line automated emboli detection based
on the pseudo-Wigner power distribution [16], a TF analysis
method based on the matching pursuit [17], [18], and use of
power m-mode Doppler for tracking emboli [19]. A number of
researchers have reported that the continuous wavelet transform
(WT) performs better than the fast Fourier transform (FFT) for
analysis and detection of ES [20]-[22]. The existence of fast al-
gorithms to implement the discrete wavelet transform (DWT)
also makes the investigation of the feasibility of ES detection
systems based on the DWT worthwhile. Moreover, the DWT is
ideal to suppress unwanted signals such as artifact, white noise,
and DS [23]. In this study, we used the DWT to decompose an
ES into different frequency bands and determined which fea-
tures most accurately describe ES over the scales. We then in-
vestigated how to utilize these features in an on-line system.

II. DWT ANALYSIS OF DOPPLER SIGNALS
A. Wavelet Transform

For the TF analysis of a signal, a number of methods have
been used. A desired property for any method is the availability
of a fast algorithm allowing implementation in real time. This
is exactly what made the Fourier transform so popular. With the
advent of fast computers, the FFT has been extensively used
for the TF analysis of signals in a wide range of fields. As an
analogy to what the FFT does for the Fourier transform, an effi-
cient method called the fast wavelet transform has been devel-
oped to implement the DWT using filters [24].

The WT of a continuous time signal s(¢) is defined as

wqmwzéifww<§?>ﬁ ()

where a is the scale, b is the translation, and v, 3 is the mother
wavelet. The WT in (1) is highly redundant and the parame-
ters a and b are continuous. Application of the WT in practice
is achieved using digital computers. Therefore, the WT is eval-
uated on a discrete grid on the time-scale plane corresponding
to a discrete set of continuous basis function. A DWT yields
a countable set of coefficients, which correspond to the points
on a two-dimensional grid of discrete points in the time-scale
domain [25]. The DWT of a signal is defined with respect to a
mother wavelet and maps continuous finite energy signals to a
two-dimensional grid of coefficients

. / s(t)p (—t - ”bO“Bn) TG
ag’ ag’

where m and n are discrete scale and translation steps. The scale
a in the continuous WT case becomes ¢ = ag*, and the transla-
tion b becomes b = nboay® in the DWT. ag and by are discrete
scale and translation step sizes, respectively. When a discrete
time finite energy signal with length N is considered, its DWT
is a discrete inner product, which can be written as a circular
convolution

1 = k — nboal’

0 k=0

where vy, ,, is the wavelet function. The DWT of a discrete
signal yields a set of coefficients including all the detailed
coefficients and the last approximation coefficient [26]. Under
certain conditions [27], reconstructing a signal from its wavelet
coefficients is also possible. The process is called the inverse
discrete wavelet transform (IDWT) and involves interpolation
and filtering.

B. DWT Description of DS, ES, and Artifacts

Prior to the study of DS, ES, and artifacts, it is instructive to
investigate the DWT of Gaussian white noise (GWN) and com-
pare it with the DWT of ES, DS, and artifacts. For this study, a
complex GWN n(k) of length 2048, was generated numerically.
The DWT (eight scales) was applied to the signal. An eighth-
order Daubechies wavelet was used for the analysis. The de-
tailed coefficients were independently reconstructed and some
simple statistics such as peak value and variance were calculated
on the instantaneous power (IP) [28] of the reconstructed scales.
The same processes were applied to a data set comprising the
forward and reverse flow components of 100 ES, 100 DS, and
100 Doppler signals with artifacts, each of a standard 5-s dura-
tion. The sampling frequency was 7150 Hz. Average peak values
and variances of IP for each scale of the forward and reverse
flow components were calculated, and then the results were nor-
malized to one for both flow directions separately. The average
normalized peak values (pemf/pemr, pspf/pspr, parf/parr), and
average normalized variances (vemf/vemr, vspf/vspr, varf/varr)
of IP for each scales of forward-reverse flow components of ES,
DS, and artifacts, respectively, as compared to the peak IP and
variance for the GWN (pgwn and vgwn, respectively) are illus-
trated in Fig. 2. The pgwn halves and vgwn quarters approxi-
mately with increasing scale. This is the expected pattern seen
on the ES detection systems when there is no signal.

From Fig. 2(a) and (c), it is apparent that the ES concentrate
on the Scales 2, 3, and 4, the DS concentrate on the Scales 1, 2,
and 3, and the artifacts concentrate on the Scales 5 and 6. They
do not follow the same pattern as the GWN for the forward flow
signals. For the reverse flow signals, both the ES and DS display
a similar pattern as the GWN [Fig. 2(b) and (d)], implying that
both are mostly unidirectional. Large values of pemr and vemr in
Scale 5 [Fig. 2(b) and (c)] are due to the existence of some arti-
facts. The reverse component of the artifact has almost the same
characteristics as the forward components, confirming that most
of the artifacts are bidirectional. Identifying and eventually sup-
pressing these artifacts using the WT is quite straightforward.
Although both are directional, ES differ from DS in certain as-
pects. They are much shorter in time, have higher amplitudes,
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(a) and (b) average normalized peak values (pemf/pemr, pspf/pspr, parf/parr) and (c) and (d) average normalized variances (vemf/vemr, vspf/vspr, varf/varr)

of IP for each scale of forward-reverse flow components of ES, DS, and artifacts, respectively, as compared to GWN (pgwn, vgwn).

and narrower frequency bands. It is also obvious that there is an
overlap between ES and DS. Therefore, it is impossible to dif-
ferentiate an embolic event totally from normal DS. However,
improvement in detecting ES is achievable by using the wavelet
decomposition.

III. SUBJECTS AND METHOD
A. Data Collection for All Studies

The ES used for this study were recorded using a commer-
cially available transcranial Doppler system (EME Pioneer
TC4040) with a 2-MHz transducer. The recordings were made
from the ipsilateral middle cerebral artery of 35 patients with
symptomatic carotid stenosis. Recordings had been made
onto digital audiotape. ES were identified subjectively by two
experienced observers from both the FFT spectral display
and the audio signal using conventional criteria [29]. The
quadrature audio Doppler signals containing ES were exported
to a personal computer for signal analysis. The sampling
frequency was 7150 Hz. In order to evaluate the detection
system, two independent data sets, each comprising 100 low
intensity ES, 100 various type of artifacts and 100 DS were
used. The total 200 artifacts were created artifically during
patient recordings by tapping the probe (37), or by speech or
coughing (66), or obtained from natural artifacts occurring
during patient movement, speech, or coughing during routine
patient recordings (93). After applying the DWT to the data,
several parameters were evaluated. The threshold values used
in both data sets were optimized using the first data set. An
eighth-order Daubechies wavelet filter [27] was used for
both data sets. The order of the filter were experimentally
determined to be suitable for ES detection. The number of
scales was eight. Only one cardiac cycle (approximately 1 s)
was considered for the first data set. For the second data set,
a standard 5-s duration segment including several cardiac
cycles was considered. The second data set was developed to
validate the detection algorithm which was devised from the
first data set. The algorithm was also tested on a third data set

comprising 100 ES, which were recorded preoperatively from
patients presented with 50% or more symptomatic internal
carotid artery stenosis, and 102 ES, which were recorded from
the patients underwent carotid endarterectomy. Only extracts
of 5 s of each signal in this data set were used.

B. Detection Algorithm

A general block diagram of the detection system is shown in
Fig. 3. The first step is to convert quadrature Doppler signals to
the directional ones [30], [31]. This step is important to utilize
one of the most distinctive features of ES. Most ES are unidirec-
tional and most artifacts are bidirectional. Inputs of this block
are N points in-phase signal s, (k) and quadrature signal s, (k).
The outputs are forward signal s (k) and reverse signal s,.(k).

At the second stage, the DWT coefficients of the forward
and reverse signals are obtained using an appropriate wavelet
and number of scales. This process decomposes the input signal
into an optimum number of frequency bands. Therefore, it is
important to determine a suitable wavelet for the signal being
analyzed. Suitability of the wavelet filters and orders were de-
termined experimentally. From the experimental results, it was
found that almost all ES are represented at the first four scales
and artifacts were at the higher scales. This inherent feature of
the DWT greatly simplifies artifact removal procedure by the
scale domain filtering. The remaining individual scales are re-
constructed by the IDWT using the same wavelet, and corre-
sponding IP are calculated. A threshold level for each scale
is determined. An example of a directional ES corrupted by a
large artifact and corresponding reconstructed wavelet coeffi-
cients for five scales are shown in Fig. 4. Fig. 5 illustrates the
associated normalized IP, which is used in the detection algo-
rithm. An ES around the absolute time 400 ms is embedded in a
very large artifact in the original forward Doppler signal. After
the DWT, the ES is enhanced at the Scale 2. The noise appears
at the Scale 1. DS appear at the Scales 2 and 3. Large artifact
dominates Scales 4 and 5. Note that the ES is unidirectional,
and the artifact is bidirectional, as the ratio of forward and re-
verse signal powers at this scale are approximately one.
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Fig. 3. Block diagram of the DWT-based detection system.
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Fig. 4. Forward and reverse flow components of an ES corrupted with an artifact and corresponding reconstructed wavelet coefficients for five scales (f:forward,

r:reverse).

At the final stage, detection and classification are performed.
First, the scale, which is likely to contain the ES, is determined
by using two parameters; the scale with maximum power (MP)
and the scale with maximum peak to threshold ratio (P2TR),
which is a definition of the EBR. If these two parameters refer
to the same scale, then the classification is done on this scale.
If these parameters refer to different scales, then the scale with
maximum P2TR is considered. This approach eliminated most
of the mis-selection of the scales for further analysis and clas-
sification process. Additionally, existence of some components
of the ES within a certain time margin in the neighboring scales
are also investigated using the same criteria as above. If this is
the case, then those scales are also considered for the detection.

Finally, for automatic detection, a decision system based on
fuzzy logic rule was used [32]. The membership values for the
most parameters were calculated according to the rules given
in Table I, which were derived from the membership function
illustrated in Fig. 6. Several thresholds were used to construct
trapezoidal membership functions. The threshold values (th;,
tho, thy, and thy), which are given in Table II, were determined
by statistical evaluation of the parameters used in the detection

such as calculation of minimum, maximum, mean, and standard
deviation (Table III). The final decision if a signal is ES, DS, or
artifact is based on average membership values of all the param-
eters for each signal types.

C. Parameters Used for the Detection and Classification of ES

One of the most important steps is the threshold selection. Be-
cause it is used as a normalizing factor in almost all parameters,
the results are greatly influenced by the threshold. The threshold
is determined from the data, which is sufficiently long, by using
a statistical procedure, which depends on the data length and the
standard deviation [33], and it is given by

Aty = omy/logy N + opny/logy N “4)

where og, and o,y are the standard deviations of the forward
and the reverse signal power at the nth scale, and N is the
length of the observation. The following parameters involving
the threshold are determined.
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Fig. 5. Instantaneous envelopes of the reconstructed wavelet coefficients of the forward and reverse flow signals given in Fig. 4.
TABLE I
MEMBERSHIP RULES FOR THE PARAMETERS
xz(n) < thi > th) & < ths > thy & < ths > thy & < thy > thy
ar em sp ar em sp ar em  sp ar em sp ar em sp
P2TR 0 0 1 0 Z1 1—2z 0 1 0 z2 1—2o 0 1 0 0
TP2TR 0 0 1 0 z1 1—2z1 0 1 0 292 1—22 0 1 0 0
F2RM 1 0 0 1—21 0 21 0 0 1 0 22 1—22 0 1 0
TF2R 1 0 0 1—2 0 Z1 0 0 1 0 z2 1—22 0 1 0
RR 1 0 0 1—21 z1 0 0 1 0 0 1—22 22 0 0 1
FR 1 0 0 1—2 z1 0 0 1 0 0 1—22 z2 0 0 1
ts 0 0 1 0 1—2 Z1 0 1 0 292 1—22 0 1 0 0
fs 0 0 1 0 Z1 1—2z1 0 1 0 22 1—22 0 1 0 0
T2 0 0 1 0 1—21 Z1 0 1 0 22 1—22 0 1 0 0
B? 1 0 0 1-2z 21 0 0 1 0 0 1— 2o 22 0o 0 1
VIE 0 0 1 21 0 1—2z1 1 0 0 1—22 z2 0 0 1 0
VIF 1 0 0 1—21 Z1 0 0 1 0 0 1—2o 22 0 0 1
ar: artifact, em: emboli, sp: speckle; z1 = (tha — th1) L (z(n) — th1), 22 = (thqa — th3) L(z(n) — ths)
| ) Another parameter, which indicates the amount of power a
signal has relative to the background energy, is the total power
to the threshold ratio (TP2TR) and given as
0 A togs A (k‘)
> tot k=ton ‘1S
thi the ths tha x(n) TP2TR = 10log A = 10log . (dB) (6)
t t

Fig. 6. Membership function for the derivation of membership values used in
the automatic detection.

The most widely used parameter in ES detection is the
EBR—indicating how strong an ES is relative to the back-
ground DS. One of the definitions of the EBR is the P2TR
which can be calculated using the quantities given in Fig. 7

A
P2TR = 10log A—Pk (dB). (5)

th

where Ay is the total power of the ES. It is calculated by inte-
grating the IP of forward signal (A;(k)) between t,, and tos,
as shown in Fig. 7.

Two other parameters, which use threshold indirectly, are ES
rise rate (RR) and fall rate (FR). They are defined as

10 log “ex P2TR

== g;“th =, (dB/ms) (7)
pk = lon pk — lon
10log 3 pa2TR

S TN (dB/ms). (8)

toff — tpk tof — tpk
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TABLE 1I
THRESHOLD VALUES OF THE PARAMETERS USED IN THE DETECTION

thi tho thg tha

P2TR (dB) 6 2 14 20
TP2TR (dB) 17 23 26 38
F2RM (dB) 10 20 22 26
TF2R (dB) 4 8 10 20
RR (ms) 0.6 1.4 2 5
FR (ms) 0.6 1.4 2 6
ts (ms) 10 20 60 120
fs/Fs (unity 001 0035 008 0.1
T2 (ms?) 6 18 40 100
B2/F, (unit) 003 006 0.1 04
VIE (unit) 12 60 100 140
VIF/Fs (unit) 0.008 0016 0.021 0.04

Fs= Sampling frequency

TABLE III
MEAN AND STANDARD DEVIATIONS OF SOME PARAMETERS FOR EMBOLIC
SIGNALS, ARTIFACTS, AND DS

ES Artifact DS
Mean SD Mean SD Mean SD
SMP 2.45 0.83 5.96 0.77 3.27 0.72
TP2TR  25.13 3.17 34.57 6.62 18.32 3.13
P2TR 12.1 3.01 14.16 6.67 6.29 1.82
F2RM 25.44 7.01 9.4 11.15  23.18 7.59
F2R8 1.29 7.13 1.79 1125  -0.58 6.18
RR 3.88 2.53 0.95 0.59 3.52 2.05
FR 4.65 3.15 0.97 0.63 4.00 2.12
TF2R 15.30 6.24 4.05 9.82 14.13 4.03
ts 51.59 31.7 146.38 76.8 6.96 49
fs 0.114 0.049 0.014 0.007 0.108 0.189
TS2 73.87 433 185.08 106.6 10.86 8.6
Bg 0.08 0.038 0.033 0.031 0.492 0438
VIE 101.34 96.1 43.47 63.3 12.3 5.6
VIF 0.016 0.008 0.012 0.021  0.021 0.012
Power
Apk 1

Ath A
fon Ipk toff Time
Fig. 7. Sketch of a specific reconstructed wavelet scale containing an ES and

quantities used to calculate detection parameters.

Two parameters which utilize the directionality properties of
ES are the peak forward to reverse power ratio at the scale
(F2RM) and the total forward to reverse power ratio (TF2R)
calculated over the duration between t¢,,, and ¢,¢. They are given
as

Ag(t
F2RM = 10log %
r\ipk

Zojton Af (k)
Ko Ar(k)

(dB) ©)

TF2R = 10log (10)

where A (k) and A, (k) are IP of forward and reverse signals,
respectively.

Although the DWT decomposes an ES into different fre-
quency bands, the frequency characteristics of ES cannot be
utilized properly because of the poor frequency resolution of
the DWT at higher frequency bands. The following parameters
attempt to overcome this problem by utilizing some basic
definitions of TF characterization of narrow-band signals in
the context of information theory. Although some of these
definitions are invalid for wide-band signals, the individual
decomposed scales may be regarded as narrow-band signals. A
simple way to characterize a signal simultaneously in time and
frequency is to consider its mean localization and dispersions
in each of these representations. This can be obtained by
considering |s(t)|* and |S(f)|? as probability distributions,
and looking at their mean values and standard deviations. ¢ is
the average time of the signal and f; is the average frequency
of the signal and are defined, respectively, as

+o0 +oo
=g [tls@Pd fo=g [ HIsGPa an

where S(f) is the Fourier transform of s(¢) and calculated by
using the FFT. Time spreading (72) and frequency spreading
(B2) are defined as

+oo
2 1 2 2
L
Bl =1 /(f—fs)QIS(f)Ide (13)
where
+oo
o /|s(t)|2dt < 400 (14)

A narrow-band signal then can be characterized in the TF plane
by its mean position and a domain of main energy localization
whose area is proportional to the time-bandwidth product.
Another way to describe a signal simultaneously in time and
in frequency is to consider its instantaneous envelope and in-
stantaneous frequency [28], which are defined, respectively, as
1 dargs,(t)
alt) = lsa(0)], F(1) = - )
where s, (t) = s(t)+73(¢). §(t) is the Hilbert transform of s(¢).
In detection, algorithm variances of instantaneous envelope and
instantaneous frequency (VIE, VIF) were used.
Processing steps for the detection of ES can be summarized
as follows:

1) obtain directional Doppler signals by applying phasing
filter technique to quadrature Doppler signals [30];

2) apply eight scales DWT to each channel in order to obtain
directional DWT coefficients;

3) reconstruct individual wavelet coefficients;

4) calculate IP for each scales;

5) derive a threshold value from the signal for each scale to
be used in detection;
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6) evaluate previously described parameters for each scale;
7) apply detection logic.

IV. RESULTS

Mean values and standard deviations of the various signal
characteristics for ES, DS, and artifacts are shown in Table III.
The mean scale with maximum power (SMP) for ES and asso-
ciated standard deviation (mean:2.45, standard deviation:0.83)
implies that ES mainly appear at lower scales (dominantly at the
Scales 2 and 3). However it must be pointed out that this will be
affected by the system sampling frequency and choice of the an-
alyzing wavelet. Therefore the candidate scales containing pos-
sible ES for further analysis are determined by identifying the
scale with MP and P2TR. 13 out of 100 ES in the first data set
had maximum intensity at the scale 1. 9 ES had maximum in-
tensity at the scale 4. Some of these ES had some components
at lower or higher scales because of the chirping characteristic.
The mean SMP for artifacts (5.96, 0.77) shows that they appear
at the higher scales (centered at the scale 6). The mean SMP
for DS (3.27, 0.72) demonstrates that DS, which might be de-
tected as ES, occupy mainly scale 3 spanning from the scale 2
to the scale 4. Although they were significantly different from
ES (P =< 0.0001), there is a certain overlap between the SMP
for ES and DS. One practical conclusion, which can be derived
from the SMP values, is that restricting the DWT analysis to the
first 4 scales can eliminate most of the artifacts.

The average TP2TR for ES (25.13, 3.17 dB) is greater
than the average TP2TR for DS (18.32, 3.13 dB) and less
than the average TP2TR for artifacts (34.57, 6.62 dB). The
average P2TR value for ES (12.1, 3.01 dB) is greater than
the average P2TR value for DS (6.29,1.82 dB) and less than
artifacts (14.16, 6.77 dB). The average F2RM value reveals
the directionality of a signal with maximum power at a certain
scale and time. The average values for ES (25.44, 7.01 dB) and
DS (23.18, 7.59 dB) suggest that they are unidirectional when
compared to the average value of the F2RM for artifacts (9.4,
11.15 dB). This parameter is directly influenced by the ability
of directional signal separation of the Doppler system used
for the recordings. The average F2RS8 values [(1.29, 7.13 dB)
for ES, (1.79, 11.25 dB) for artifacts, and (—0.58, 6.18 dB)
for DS] suggest that there is no useful information at higher
scales. These scales are mainly dominated by bidirectional
slowly varying signals resulting from artifacts. ES result from
an object passing through an ultrasonic sample volume causing
a gradual intensity increase and then gradual decrease with
a chirping effect when compared to artifacts. The average
RR and FR for ES are (3.88, 2.53 ms) and (4.65, 3.15 ms),
respectively. DS gave almost the same figures as ES [(3.52,
2.05 ms) and (4, 2.12 ms), respectively], suggesting that emboli
and normal red blood cells have certain behavioral similarities.
This can only be justified when both a red blood cell and an
embolus are considered as a single scatterer. In practice, the
size of the red blood cell is extremely small and beyond the
detection resolution of any Doppler ultrasonic system. Instead
red blood cell aggregates are scatterers producing a wide-band
signal when compared to a signal resulting from an embolus,
which is much bigger than that of red blood cells. Therefore,

TABLE IV
DETECTION RESULTS FOR TWO DATA SETS

Data set 2
100 ES
95% as ES
3% as artifact
2% disputed

Data set 1
100 ES
98% as embolic signal
1% as artifact
1% disputed

100 artifacts 100 artifacts
96% detected as artifact  98% as artifact
4% disputed 2% as ES
100 DS 100 DS
93% as DS 95% as DS
6% as ES 1% as artifact

1% disputed 4% disputed

the frequency band of an ES is much narrower, which validates
the assumption of an embolus as a single scatterer.

The results obtained for two data sets are given in Table IV.
It should be emphasized that these results may be influenced by
the choice of the threshold values for certain parameters. ES are
at least 3 dB greater than the DS. However, intercenter agree-
ment greatly improves when the EBR is greater than 7 dB [34].
When the algorithm was tested on the third data set comprising
ES mostly with the EBR ratio greater than 7 dB, 198 ES out of
202 were detected as ES.

V. DISCUSSION

Earlier ES detection systems assumed that the signal was sta-
tionary within the analysis window. However, ES are short du-
ration nonstationary signals. The WT is a relatively new tool to
deal with such signals. Our results suggest that the WT is likely
to increase system sensitivity and specificity. The availability of
fast algorithms and its ability to remove unwanted signals such
as artifacts also make the WT attractive in on-line systems.

Artifacts propagate through more than three scales, sug-
gesting that they are real transients in technical terms. At this
point, the description of ES as transients is questionable. A
transient is an unexpected complex signal disturbance having
a range of frequency components. It can be considered as a
wide-band signal compared to ES. ES can also be expressed
within the context of wavelet theory. In fact, they are composed
of several “wavelets” resulting from a single scatterer passing
through an ultrasonic sample volume. They satisfy the basic
properties of wavelets: ES oscillate and decay rapidly as
wavelets do. Therefore, they were described as “frequency
focused” as well as “short duration” high intensity transients.

In this study, we have used a signal-processing algorithm
based on the DWT to characterize ES, DS, and artifacts. Re-
sults show that the detection parameters derived from the DWT
coefficients are likely to improve the sensitivity of an automated
system. In an automated ES detection system, there are several
important aspects. First, the algorithm must emphasize ES and
preferably suppress DS and artifacts. Such a feature will lead
to an improvement in the EBR. This problem can be consid-
ered as the detection and estimation of signals in noise. The
WT has been proved to be an effective tool for the detection
and estimation of transients [35]. The statistical properties of the
DWT for white noise and Doppler signals presented above en-
ables us to accurately estimate a signal from a small number of
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wavelet coefficients. ES are most likely to appear in the scales
with larger variance. If there is an unusual activity within the
analysis window, this will be reflected on the variance. This is
true because the energy of an ES born by a potentially symp-
tomatic embolus is much greater than the energy of the signal
from DS. A practical conclusion from this observation is that a
simple WT process can be employed to enhance any Doppler
signal or an ultrasonic image by simply canceling out related
wavelet coefficients during reconstruction. However, one draw-
back of the DWT compared to the FFT is the reduced frequency
resolution at lower scales, in which ES are found mostly. The
performance of the DWT-based system alone may not be as
good as an FFT-based system due to the lack of frequency res-
olution although it does have some advantages for very small
signals due to its high temporal resolution. Therefore, we have
introduced some additional parameters based on the FFT and
instantaneous frequency to be used in the detection algorithm.

Our system was evaluated on 5-s segments of data, each
containing an ES artifact or DS, and processed in real time. This
is the most efficient method to develop a system which analyzes
signals which may occur rarely. For example only 40% of
patients with symptomatic carotid stenosis, and 5%-10% of
patients with asymptomatic stenosis have ES during an hours
recording, and in those patients who have ES, the median
number is only one or two. Our wavelet-based approach now
needs to be implemented in a true on-line system which can
operate in real time. The performance of this system could then
be directly compared with other on-line systems using different
approaches such as the frequency filtering approach using the
FFT [36]. This is feasible as the DWT is a computationally
efficient transform.
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