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Abstract— Transcranial Doppler ultrasound can be used to
detect circulating cerebral emboli. Embolic signals have
characteristic transient chirps suitable for wavelet
analysis. We have implemented and evaluated the first online selective selective wavelet transient enhancement filter
to amplify embolic signals in a preprocessing system. Our
approach is similar to wavelet de-noising for signal
enhancement, but, in order to retain blood flow
information, we do not use traditional threshold methods.
The selective wavelet amplifier uses the matched filter
properties of wavelets to enhance embolic signals
significantly and improve classification performance using
a novel noise tolerant approach. Even the smallest embolic
signals are enhanced. We show an increase of over 2dB (on
average) in embolic signal strength and a significant
improvement in detection accuracy when our filter is
applied both to a commercially available detection system
and an in house frequency based detection system. The
implementation of the filter is simplified by using an
optimized matrix form. The block matrix form is
significantly faster than the normal recursive discrete
wavelet transform implementation 6 .

I. INTRODUCTION
Asymptomatic circulating cerebral emboli can be detected by
transcranial Doppler ultrasound. Such asymptomatic embolic
signals have been reported in patients with carotid artery
stenosis, cardioembolic sources including atrial fibrillation,
and during and after interventional procedures such as carotid
endarterectomy and cardiopulmonary bypass [1]. The presence
of cerebral embolic signals is an independent predictor of
stroke in patients with symptomatic carotid stenosis [2]-[3].
The technique may therefore allow identification of high-risk
patients for specific therapeutic interventions. Other potential
clinical applications include monitoring and evaluating the
effectiveness of drug therapy, and localizing the source of
active embolization in patients with more than one potential
source. For characteristic embolic signals see reference [16].
In most conditions, embolic signals are relatively infrequent
and noisy and recordings of one hour or more are usually
performed. Recent advances in portable technology have made
possible prolonged recordings of 5 hours and longer [4].
Currently, the gold standard for data analysis is for a trained
observer to analyze the recording visually and audibly. This is
time consuming and too expensive for clinical practice.
Previous work has established the potential of short time
window frequency analysis, wavelet analysis and offline denoising in detecting embolic signals [5]. The most sensitive
commercially available automated system, called FS-1 [6], is
based on a frequency filtering approach using the Fourier
transform. Other approaches using the Wigner-Ville transform
and adaptive filtering have also been shown to be useful [7].
However, current online systems are not always sufficiently
accurate for clinical use. For effective clinical applicability
automated detection systems should be able to operate online
while data is being recorded. We previously implemented an
online system for detection of embolic signals based on the
discrete wavelet transform [8]. It established the potential of
the wavelet transform for practical detection of short duration
high frequency signals, while also exposing the problem of
false positives. The real time online system (fig 1) was used
on real data where there was a low density of embolic signals,
and consequently detected more false positives than earlier
studies with offline data.
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An alternative to using the discrete wavelet transform for
direct classification of embolic signals is to use time invariant
or non decimated (didactic) versions for preprocessing. The
objective of this approach is to design a suitable preprocessing
scheme that will increase the signal to noise ratio resulting in
better classification accuracy than using current systems alone.
Wavelet denoising approaches that remove scales or use
thresholds [9] in the DWT domain have the potential of also
altering the background blood flow (required for
classification) unless filtering is restricted to the first one or
two detail scales where the frequencies are higher and no
blood flow signals are present. Past attempts at de-noising
were tested only with synthetic data [10]. Such systems were
useful in removing Gaussian white noise from the blood flow
velocity but do not effectively enhance classification accuracy.
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estimating the best matched filter for each segment of
ultrasound data combined with event detection(Fig. 3). The
process for selecting the correct scale is based on computing
parameters from the wavelet coefficients. The parameters are
also described in [8,12] and section IV, but what is unique is
our approach to the time domain event selection.
III. EVENT DETECTION
In [7] an embolic signal detection method is presented
employing signal auto-regressive modeling. In that paper, the
problem of differentiation between artifacts and emboli is not
discussed in detail. The fact that artifacts are bi-directional and
embolic signals are uni-directional is mentioned. Although this
holds true in many cases, recent studies focused on artifacts
show that there are also exceptions and there are artifacts that
are not bidirectional [13]. The parametric method proposed in
[7] has the advantage of being adaptive and computationally
simple but not good enough as a stand alone detection routine.
Nevertheless it is a fast method of detecting the locations
where emboli or artifacts may exist. The event detectors
primary purpose is to increase computational efficiency and
specificity by selecting only transients that are potentially
embolic, while it is the filter process that is designed to match
and enhance embolic signals more than other types of
transients.
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Fig. 2 Block diagram of the enhanced embolic signal detection system.

Fig. 2, depicts the block diagram of our enhanced embolic
detection system using the wavelet preprocessing. It comprises
a novel auto-regressive (AR) event detector followed by the
selective novel wavelet-based amplification process. The event
detector specifies the discontinuities in the signal, which may
be caused by the existence of emboli or artifacts. The detected
event is then passed to the selective wavelet-based
amplification process, which amplifies candidate embolic
signals and outputs an enhanced signal that can be processed
by any embolic signal detection system. The aim of this study
is to see if wavelet filtering correctly increases the intensity of
embolic signals in a blind data set, and secondly whether when
used in conjunction with the commercial FS-1 embolic signal
detection system, it improves the overall classification
accuracy particularly for data where FS-1 performs poorly
(less than 50% sensitivity). This method is not confined to
embolic signals but could potentially be applied to any class of
characteristic transients.
II.

We employed a modified autoregressive model in the eventdetection layer inspired from [7]. A second order autoregressive system models the embolic signal in our
implementation. The parameters of the model are adaptively
computed using the least mean squares (LMS) method. [16]
IV. THE SELECTIVE WAVELET AMPLIFICATION PROCESS
After a candidate embolic signal is detected by the event
detector, the block is passed to the selective wavelet-based
amplification process. The selective wavelet amplification
(SWA) process utilizes both the scale number(s) and the
location of the potential embolic signal in time. This is crucial,
as the transient signal is centered in each block to create a
degree of translation invariance even when using the fast
DWT. There are benefits to using the fast decimating DWT in
our particular setup. It is readily implemented in hardware,
and the majority of speckles with shorter and more broken
transients are more distributed in power after decimation on
the DWT scale than many emboli which are more time
focused. This property of the decimation reduces potential
false positives.
In order to reconstruct the original signal from the decimated
high pass and low pass filters, each level of the approximation
coefficients must be constructed from equation 5.
(5)
cm, n = ∑ g n − 2 k .c m −1, k + hn − 2 k .d m −1, k

TIME SCALE AMPLIFICATION

Time-scale and time-frequency representations are powerful
methods for analyzing and processing non-stationary signals
with time-varying spectral content. [11]. The problem with the
standard short time discrete Fourier transform, however is that
short duration narrowband signals, such as embolic signals,
can be masked by other frequency components of the signal
appearing in the window. There is a time frequency resolution
dilemma.
The Daubechies wavelets are close approximations to embolic
signals and at various dilations [12]. We used the discrete
wavelet transform with the Daubechies 8th and also 5th and
3rd (see VI) order mother wavelet to provide a fast method of

k

where cm,n and dm-1,k are approximation and detail coefficients
at decomposition scale level m - log2(n), and g and h are the
synthesis and analysis filters that form the orthogonal wavelet

659

bases. The amplification process is shown schematically in
Fig 4. Unlike most wavelet de-noising applications no original
data is eliminated as a result of the amplification [15]. The
selection of the correct scale, followed by amplification, are
the crucial components of the SWA.
A. Scale detection
In figure 4, the second scale coefficients are selected. In
general, within each discrete wavelet transform block (S2 Fig.
4), the scale where the potential embolus is located is
identified using statistical features. We select one or two scales
based on the normalized maximum power (MP), the maximum
peak to rms threshold ratio (MP-TR), and the maximum
variance (MV). If at least two of these parameters refer to the
same scale, then the classification is done on this scale.
Otherwise the scale that MP-TR refers to is selected [8]. The
second scale is only selected if an adjacent scale has a MP-TR
of within 10% of the best scale. Note that for time invariance
the block of data is chosen such that the transient peak
(identified by event selector) is always in the center in a
constant position.

Fig. 4 Optimized selective wavelet amplification process. In the first step, S1, a
data block is selected. Stages S2 and S3 include DWT block decomposition
and scale reconstruction. Step S4 amplifies the selected scale which is added
back in step S5.

B. Scale Amplification

Another procedure for reconstructing the signal following the
scale amplification is to replace the original coefficients in the
DWT with the amplified coefficients and then reconstruct the
combined signal using the IDWT. With this technique, the
amplification window causes some distortion to appear in the
other scales, but this is very small. In practice, since the phase
is constant, performing reconstruction by adding back the
amplified time domain signal, as shown in Fig 4, will produce
equivalent results. Furthermore, the overall computational
complexity is reduced. The entire process in Fig 4 is applied to
the selected scales then forwarded to a detection system as
illustrated before in Fig. 2.

The selected scale coefficients are used to reconstruct the scale
in the time domain (S3 in Fig. 4). Amplification is carried out
by multiplying the signal by a Tukey window, centered on the
potential embolic signal. Various windows were investigated;
the Hanning window, and the Tukey 0.3 window were found
to provide the best compromise between reducing distortion
between blocks in the time domain and providing the
consistency of a rectangular window in the scale domain. The
enhancement of sharp rises in intensity over a short duration,
caused by using the more compact Hanning window, was
found to be more prone to causing false detections, though
better at enhancing frequency focused peaks.

V. SPEED AND MATRIX IMPLEMENTATION
We use a block discrete wavelet transform for two reasons.
First we need perfect reconstruction and, secondly it is more
efficient to use a block process if only parts of the data are
operated on by the wavelet filter. The entire n-stage
Daubechies basis (and other orthogonal bases) can be
implemented using a (sparse) matrix transform. In this matrix
formulation we keep the detail coefficients with no changes
and then apply the partial wavelet transform to the residual
approximation coefficients at each stage. We repeat this
procedure to generate a matrix for the n level transform.
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In our case an 8-level decomposition matrix was generated for
the daubechies 8th order wavelet. All of the filter operations,
that is the DWT, IDWT, coefficient selection, windowing and
coefficient amplification, are then be performed by one matrix
multiplication. The scale is selected in this case implicitly
using the wavelet coefficients and one matrix transform is
stored for each scale that is used.

1200

Sample Point (8khz Forward Flow)
Fig. 3 An example amplified and enhanced embolic signal. shown in lighter
color ( background) with the original shown in darker color (foreground).
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A. Relative Performance

test data. The gold standard for identifying true emboli is
based on a human expert consensus following an established
protocol [17]-[18]. Specificity is the total number of true
emboli divided by the total number of events detected as
emboli by the automatic system.
In Figures 6 and 7 the effect of changing the amplification
factor can be seen on both single and multiple wavelet
implementations. The compromise point between sensitivity
and specificity rises from 80% to 85%. A comparison between
figures 6 and 7 shows a 5 percentage point rise in the
sensitivity with little effect on the specificity by using multiple
filters. This is significant though not ground breaking because
most discrete wavelets are similar. The difference is in the
frequency and impulse response of the various filters such that
some characteristic transients appear more clearly.

%

Selective wavelet amplification using
the Daubechies 8 wavelet only

100
80
Fig. 5 Computation times of the selective wavelet amplification in block sizes
of less than 2048 points. Using the matrix transform, our algorithm is
considerably faster for smaller block sizes. Note that the intersection point
depends on the CPU cache size.
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The discrete wavelet transform using the matrix method
requires O(n2) multiplications while the standard Daubechies-8
DWT requires O(k*n), where k is a constant, but in practice
the matrix method is not always slower. A comparison of the
computation times, measured in a C implementation [16] that
exploits the sparseness of the matrix is given in Fig.5.
Although, for a single transform, the matrix form of DWT is
not faster than the hierarchical form. When the matrix size is
small (<2048), the matrix form of the selective wavelet
amplification filter is much faster as the matrices can be
largely pre-computed.
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Fig. 6 By increasing the amplification factor, we can effect the sensitivity
while also reducing specificity without retraining the classifier.

VI. MULTIPLE WAVELET ADAPTIVE FILTER

%

An interesting extension of the above filter system is to search
not just the detail scales of one wavelet transform basis, such
as the Daubechies 8th order, but multiple detail scales from
multiple filters. This increases the chances of finding the best
matched filter. We found that using the Daubechies 3rd order,
8th order and symmetric wavelets to search across a total of 18
scales significantly improves the results. However, the
computational penalty is significant, making real time
implementation more difficult. We also tested a variation
which first computes the Daubechies-8 and, if a putative
embolus is found then we use the other basis to search for a
better matched scale.
The degree to which we amplify the selected scales has a
direct effect on the accuracy of the overall emboli detection
system, which is measured in terms of sensitivity and
specificity. Sensitivity is defined to be the total number of
emboli correctly detected, divided by the total number in the

Selective wavelet amplification using
Daubechies 8, 3 and symmetric wavelets
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Fig. 7 Using multiple wavelet decompositions allows the system to perform
better over all, while not affecting the maximum number of previously
undetected embolic signals that are enhanced (sensitivity).
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VII. CLASSIFICATION RESULTS

processing improves overall sensitivity by around 9 percentage
points while slightly reducing specificity.

The performance of the Daubechies 8 SWA system was
evaluated on a larger data set against commercial and in house
detection software. The Transcranial Doppler (TCD)
recordings were performed from the middle cerebral artery
(ipsilateral to recently symptomatic carotid arteries) using a
commercial system (EME/Nicolet Pioneer) and a 2MHz
transducer held in place with a head-frame. All recordings
used a sample volume of 5mm. Human expert identification of
embolic signals used a 128point FFT spectrogram with a 75%
window overlap. The human observer applied the International
Consensus Criteria [17] using an intensity threshold of >7dB
as determined from the colour coded intensity scale. Use of
this threshold has been shown to improve inter-observer
agreement in embolic signal detection [18] and embolic signals
above this threshold have been shown to predict stroke risk
[2].

TABLE 1
Tests using 10 hours of symptomatic carotid stenosis
recordings. After filtering the detection was carried out using
the commercial FS-1 software.
Unfiltered
Filtered
Total Emboli
131
131
True Positive Emboli Detected
88
100
Sensitivity %
67.2
76.3
Specificity %
88.9
87.9
TABLE 2
Signal enhancement using the embolic to blood flow (EBR)
measure. All these measurements are based on signal power
estimates from FS-1.
Average EBR before filtering 10.11dB (sd 2.83)
Average EBR after filtering
11.41dB (sd 3.39)

Recordings were made onto digital audio tape (Sony TC7).
They were digitized at a sampling rate of 8 KHz. We chose the
block size(N) to be 1024 points as it was the best for fast and
efficient computation. By changing the DWT block sizes, the
difference in transient enhancement was marginal compared to
changing the amplification factor. In the filter, the following
parameters were found to provide optimal amplification with
the least distortion through trials: the wavelet block size was
128ms or 1024 data points; the search window for detection
potential emboli was 32ms or 256 data points; the
amplification factors were 1.7 and 1.5 for the best and second
best scales respectively, and the amplification window size
was 64 ms or 512 data points. The amplification factors
represent a maximum gain of approximately 3 dB and 1.7 dB
for the best and second best scale respectively. This is the limit
before significant signal distortion occurs (due to clipping).

Table 2 shows the average increase in embolic signal intensity
before and after filtering with a coefficient of 1.7 and using a
less sensitive event selection scheme. This is a good indication
of overall filter performance independent of the classification
system. We also evaluated the filter with some improvement in
the event detection on the second dataset. (Table 3). Out
intention is not to compare the detection systems but the
potential improvement after filtering. Table 3 shows the
typical signal-to-noise ratio enhancement that was achieved
with an average of at least 2dB increase in power relative to
the background signal and noise. The meaning of these
measures (though prone to error due to difficulty of
background estimation in FS-1) is that the filtering increased
both the transient intensity and reduced interference noise
from speckle and artifact because of its selective application.
After filtering, 99 clinically significant embolic signals where
detected, compared to 87 significant embolic signals using an
in-house neural network based detection system (as described
in [15]).

The effect of the wavelet filter on embolic signal detection was
determined by comparing the performance of the FS-1
detection software on unfiltered and filtered data. We
compared the sensitivity and specificity for embolic signal
detection using the gold standard of the experienced human
observer. We also determined the increase in embolic signal
to background blood signal ratio (EBR) of the filtered and
unfiltered signals. The measurement of embolic signal to
background blood flow ratio was based on the estimation
method described by Moehring [19].

TABLE 3
Tests with a compilation tape from patients with symptomatic
carotid stenosis. The results shown used an in house frequency
based classification system using AR event detection. The
embolic signal intensities are given in dB above the average
power.
Total Number of Emboli
122
Average Intensity (dB)
8.46
Std Deviation of Intensity
1.65
Emboli Detected without filtering
87
Emboli Detected using filtering
99
Average Increase in Intensity (dB) 2.99
Std Deviation of Increase
0.38
False positives
1

Two data sets were used for validating the work. The first data
was acquired from 10 consecutive patients with >50%
stenosis, determined on Duplex ultrasound, with one hour of
continuous recording in each subject. The second data set
represented a compilation of 5 Hours from patients with
symptomatic carotid stenosis containing lower intensity
embolic signals, but still above 7dB, which we predicted
would be more difficult to detect. Tables 1 and 2 are the
results from using the first data set and Table 3 is that of the
second data set. From Table 1, it is evident that wavelet pre-
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In the case of FS-1 simply retraining the classifier with the
filtered response may eliminate false alarms. The few false
positives (in table 1) and the one in table 3, were due to low
scale (high frequency) embolic signals. Reconstructed wavelet
scales, represent a cascade of high and low pass filters. The
lower scales represent a wider frequency band relative to
higher scales. The majority of embolic signals occur on the
second, third and forth scales otherwise wavelet packet filters
would be required. It is rare to get embolic signals at the very
low velocities corresponding to high scales[2]. Measurement
errors can occur which affect the frequency content of the
ultrasound signal. For instance probe misalignment
compresses the spectrum and changes in the pulse repetition
frequency, without compensation, cause frequency shifts.
These effects hinder enhancement and may account for some
of the false positives.
VIII. CONCLUDING DISCUSSION
This study demonstrates that signal pre-processing using an
on-line, and hence clinically applicable, wavelet based
enhancement system improves the sensitivity of embolic signal
detection with little loss of specificity. Detection accuracy
improved by 10-20% without altering the classification system
used. Further improvements may be possible by using multiple
wavelets as proposed in section VI. Small losses in specificity
were mainly due to some of the features used for classification
and could potentially be eliminated by retraining the classifier
where possible.
Selective wavelet amplification improves the embolic to
background blood flow signal ratio and the visible sharpness
while maintaining the background blood flow as context. As a
result we observe performance enhancement even without
retraining. The improvement in TCD signal transients is due to
the matched filter approximations of the wavelet basis and the
unique scale selection which minimised the change to the
background blood flow signal. False embolic signal detections
were created in one patient but overall embolic signal
sensitivity was always increased. Examining this false positive
showed that it resulted from the amplification of random
Doppler speckle occurring on the low scales. This problem is
not related just to filtering because the TCD resolution is not
sufficient to always discriminate between groups of
disconnected red blood cells and emboli. What we have
demonstrated is a system that improves performance on
today’s, as well as future automated detection [20] systems
independently of the classification algorithm used.
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