1 Introduction
THE TIME/FREQUENCYproperties of the Doppler blood-flow
signal are usually characterised by computing a temporal
sequence of power spectra, called a spectrogram. As the
signal is due to the moving red blood cells, certain cardiovascular diseases can be assessed by analysing the bloodflow pattern contained in the Doppler signal (PANIDISet
al., 1986; GIDDENS and KITNEY, 1985; CANNON et al.,
1982). Because of the random nature of the signal, the
diagnostic information is usually extracted from an ensemble averaged spectrogram computed over several cardiac
cycles.
The periodogram has been the method most often used
to compute the Doppler spectrogram owing to its relatively fast computation (CLoUTIERet al., 1990; RITTGERS,
1987; CANNON et al., 1982). However, the periodogram has
limitations, such as frequency resolution, frequency
leakage and statistical variance. For instance, frequency
resolution is inversely proportional to the duration of the
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signal segment analysed. In the spectrogram of a timevarying Doppler signal, the frequency components can be
smeared in the time domain if a long segment is used, or
spread in the frequency domain if the signal segment is too
short. Frequency leakage means that the energy of a spectral estimate leaks into sidelobes, distorting other spectral
components. To reduce the leakage effect, smoothing
windows such as the Hanning window are usually used.
However, the use of windows results in an additional
reduction of the frequency resolution. Finally, the statistical variance of the estimate depends on the duration of
the signal segment and the number of segments averaged.
Consequently, noninvasive assessment of the early stage of
cardiovascular disease may be difficult owing to these limitations.
Modern parametric methods offer better potential for
achieving significant improvements in estimating the
power spectral density of Doppler ultrasound signals. Such
improvements may enable disturbed flow to be detected in
a more sensitive manner and thus improve the diagnosis of
cardiovascular pathologies. Recently, some authors proposed autoregressive (AR) modelling to carry out the
power spectrum estimation of the Doppler signal
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(KALUZYNSKI, 1989a; b; SCHLINDWEINand EVANS, 1989;

VAITKUS and COBBOLD, 1988; VAITKUSet al., 1988; YAMA6UCm et al., 1987; KITNEYet al., 1986). KITNEYet al. (1986)
explained that AR modelling improves the resolution of
coherent features in a disturbed flow pattern. VAITKUS et
al. (1988) found that AR modelling yields estimates with
variances considerably smaller than that of the periodogram. KALUZYNSKI (1987) reported the better statistical
stability of AR spectra in comparison with the periodogram. These studies confirmed the usefulness of AR modelling for Doppler blood-flow signals. VAm~US et al. (1988)
have also demonstrated that the AR and autoregressivemoving average (ARMA) are good methods for Doppler
signal processing. However, AR modelling is preferred to
ARMA modelling because of its reduced computational
complexity.
It has been shown in Part 1 of this study that the
Doppler blood-flow signal over a short-time interval
approximates a stationary complex Gaussian process. It
was also shown that this approximation is more precise
when the signal segment is shorter. Because the frequency
resolution of AR modelling is higher than that of the FFT
method for short signal segments, AR modelling should
provide Doppler spectrograms with higher resolution than
those obtained with the periodogram. Another advantage
of using AR modelling is the reduction of the Doppler
'speckles', the granular structure in the Doppler spectrogram (Mo and COBBOLD, 1986). For a stationary signal
segment, the power spectrum obtained by using the AR
approach is an optimal estimate if the signal can be modelled by a true AR process. So far, however, no study has
been carried out to verify that the Doppler signal is a
complex AR process for which the model order can be
selected by an objective criterion. The objectives of the
present work are:
(a) to study the consistency of spectrograms obtained by
using complex AR modelling
(b) to investigate objective criteria to determine model
order automatically
(c) to verify that the cardiac Doppler signal can be modelled adequately by a complex AR process.

2 M a t e r i a l s and m e t h o d s

The patient database and data-acquisition technique
used in this paper were the same as those described in Part
1 of this study (Guo et al., 1993).
2.1 A R model identification and Doppler spectrogram
estimation
The Doppler blood flow signal is a complex-valued
signal expressed as
x(n) = xa(n ) + jxq(n)

P

x(n) = - ~

xy(n) = xn(n ) + xH(n)

(2)

xr(n) = xd(n) - x~(n)

(3)

where the superscript H denotes the Hilbert transform. In
the past, AR modelling was applied separately on xs(n )
and x~(n). According to HERMENTet al. (1990), it is possible
to compute the forward and reverse flow components

(4)

%k x(n -- k) + e(n)

k=l

where x(n) is a complex signal composed of the in-phase
and the quadrature components of the Doppler signal, p is
the model order, %k are the complex AR parameters, and
e(n) is the complex modelling error.
The Yule-Walker equations were used to compute the
complex AR parameters apk and the modelling error
variance 0-k
z . The Yule-Walker equations relate the AR
parameters to the complex autocorrelation function of
x(n). This method is also known in the literature as the
all-pole modelling with autocorrelation method. The
Levinson-Durbin algorithm (KAY and MARPLE, 1981) provides an efficient recursive solution for the Yule-Walker
equations. This algorithm proceeds recursively to compute
the parameter sets {all, 0-~}, {a21, a22 , 0"2}. . . . . {apl, ap2,
.... app, a2}, as follows:
(5)

all = - Rxx(1)/Rxx(O)

0-~ = (1 -- lax1 I2)Rxx(O)

(6)

The recursion for k = 2, 3. . . . . p is given by
a~k = -

RxAk)

+

Y~
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m

0-~-1

(7)
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(8)

m=l

aki = a k - l , i
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-
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where Rx.(k) is the complex autocorrelation function of
x(n) computed by
1 N-k-I

Rxx(k) = ~

~

x(n + k)x*(n)

(10)

n=0

where x*(n) denotes the complex conjugate of x(n), and N
is the number of data points.
For each recursion, the final prediction error (FPE) or
the Akaike's information criterion (AIC) was evaluated
and tested. The recursion was initiated with the model
order p = 1 and terminated when an increase in model
order resulted in an increase of FPE or AIC function. The
parameter set of the AR model of order p was {apl, ap2,
.... app, 0-2}. The definitions of FPE and AIC are (KAY
and MARPLE, 1981)

(1)

where xd(n) and Xq(n) are the in-phase and quadrature
components. The forward and reverse flow components
can be expressed as (VAmCUS and COBBOLD,1988)
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directly from the AR model of the complex signal x(n). A
complex AR process of order p, as described below, is
required:

N+p+l
2
FPE(p) - N - p -- 1 ~p

(11)

AIC(p) = In (a 2) + 2(p + 1)/N

(12)

where a 2 is the variance of the modelling error corresponding to the model order p.
Once the AR parameters had been estimated, the power
spectral estimate SAR(f ) of x(n) was computed by

o~ A t
SaR(f)=

(13)

1 + k =~ l %ke ~2~IkAt 2

where At is the sampling interval. The rectangular data
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window (10 or 5 ms) was applied to the in-phase and quadrature Doppler components, and eqns. 5 to 13 were used
to compute a 256-sample power spectrum with zero
padding of the AR coefficients. This window was then slid
over the entire cardiac cycle, and a power spectrum was
computed at each increment of 5ms to produce an AR
spectrogram of the Doppler signal. To reduce the amplitude variability and the beat-by-beat variance, an ensemble average of spectrograms for each patient was computed over five cardiac cycles synchronised by the QRS
wave of the ECG.
For x(n) weighted by a temporal window w(n), the power
spectral estimate based on the periodogram was computed
by

2.3 Can a Doppler signal be considered as an A R process?
Spectral estimation is a procedure assuming an a priori
model of the signal (VAITKUS and COBBOLD, 1988). For
instance, a sum of sinusoids is assumed for the periodogram. If the signal can be appropriately modelled by a
parametric model, then it is possible to obtain a better
spectral estimate based on the model by determining its
parameters. If the AR model is appropriate for the
Doppler blood-flow signal, the modelling errors should
have white-noise characteristics (Box and JENKINS, 1976).
The essential check of a good AR model is thus to observe
the modelling error signal e(n), where
e(n) = x(n) + ~ a,k x(n -- k) =
k=l

1

SFFT(f) = ~ IX(f)12

(14)

N-1

O <<.n <<.N - 1

(15)

with aoo = 1. If we define the normalised autocorrelation
function cxx(k) of the modelling error signal as

N-1

where X ( f ) = ~" x(n)w(n)e -j2`I", and U = y' wZ(n)
n=0

apk x(n -- k)
k=O

n=O

cxx(k) = rxx(k)/rxx(O)

Here U is a correcting factor associated with the change in
signal energy due to windowing. The spectrogram based
on the periodogram was obtained by using the same
window shift procedure as in the computation of the AR
spectrogram and zero padding of the windowed signal to
256 samples.
2.2 Effect of window duration on the spectral envelope area
It was shown in CANNON et al. (1982) and CLOUa'IER et
al. (1990) that the spectral envelope area (SEA) can be used
to assess aortic stenosis. In the present study, this parameter was computed for window durations of 5 and 10ms,
and it was compared for spectrograms estimated with
periodogram and AR modelling. After having computed
the mean spectrogram of each patient, minimum and
maximum frequency contours were determined by using

(16)

where rx~(k) is the autocorrelation function of the error
signal, and compute a Q value
K

Q = U ~

c2=~(k)

(17)

k=l

then it has been shown (Box and JENKINS, 1976) that the Q
approximates the chi-square distribution if the model is
appropriate (N is the number of samples in the signal
segment, and K is the number of time lags of the normalised autocorrelation function). At a certain significance
level of c~, the error signal is a white noise if the value of Q
is less than the chi-square value with K degrees of freedom.
In the present work, the whiteness of the error signal
was tested on 10ms peak-systolic segments taken from 20
patients. The peak-systolic segments were selected at the
peak of the maximum frequency contour. For each
segment, the whiteness test was carried out on the decimated signal with an effective sampling frequency just
above the Nyquist rate. The decimation factor was based
on the maximum frequency of the segment, as described in
Part 1 of this study (Guo et al., 1993). The value of time
lag K was selected to be 20 empirically, and the significance level was 0.05.
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Fig. 1 Spectral envelope area (SEA) of the negative frequencies
of an averaged spectrogram obtained from a patient with a
normal aortic valve
the modified threshold crossing method described in
CLOUTIER et al. (1990). By adequately thresholding each
mean spectrogram, the blood-flow signal was separated
from the background noise, and the frequency envelope of
the spectrogram was determined accurately. The SEA
value was then computed as the area between minimum
and maximum frequency contours of the negative frequency portion of the spectrogram. Fig. 1 shows an
example of SEA. A paired t-test was then used to evaluate,
for the 20 patients, the statistical consistency of SEA for
the two window durations and the two spectral estimation
techniques tested.
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3.1 The A R Doppler spectrogram
Fig. 2 shows an example of the mean AR spectrogram
obtained using the Yule-Walker method. The negative and
positive frequency components correspond to the forward
and reverse blood flow through the aortic valve. The AIC
was used to optimise the model order of each spectrum.
Fig. 3 shows the histograms of the relative occurrence of

Fig. 2

Example of bidirectional AR spectrogram estimated from a
normal aortic valve. The model order for each spectral line
was optimised by using the AIC
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3.2 Effect of window duration and spectral techniques on
SEA
Fig. 4 shows an example of the influence of window
duration on the negative frequency portion of the mean
spectrogram using the same data as in Fig. 2. Figs. 4a and
b were obtained by using the periodogram with window
durations of 10 and 5ms, respectively, and Figs. 4c and d
were obtained by using AR modelling with AIC to select

c 0,2
&

5
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Table 1 SEA values, expressed in kHz, computed from the spectrograms of 20 patients with the periodogram ( F F T ) and AR
modelling for window durations of 10 and 5ms. The last ten
patients had aortic valve stenosis, which corresponds generally to
larger SEA values. The p-values were obtained by using a paired
t-test
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Histograms of the optimal AR orders for the Doppler
signals o['20 patients: (a) determined by FPE; (b) determined by AIC

model orders using the F P E (Fig. 3a) and the AIC (Fig.
3b). Each panel shows the histogram from 20 patients
computed for each spectrum over one cardiac cycle. As can
be seen, the two histograms are almost identical, and no
order larger than 16 was required to model the cardiac
Doppler signal. This indicates that the Doppler spectrograms obtained by using AIC and F P E are essentially identical. This observation is in agreement with the results of
SCHLINDWEINand EVANS(1990).

SEA (AR)

Patient

p = 0-0052

p = 0"93

the model orders and the window durations of 10 and
5ms, respectively. As can be seen from this figure, the
shorter window duration widened the frequency components and thus decreased the frequency resolution of the
spectrogram based on the periodogram. It resulted in an
increased value of SEA. However, the change of window
duration had less effect on the Doppler AR spectrogram.
Consequently, SEA should be less sensitive to window
duration if AR modelling is used.
Table 1 shows the results of the paired t-test of SEAs
from 20 mean spectrograms obtained by using AR modelling and the periodogram with window duration of 10 and
5 ms. When the window duration was reduced from 10 to
5O0

_o~_

Fig. 4

Example of the influence of window duration on the negative frequency portion of the spectrogram of the signal used
in Fig. 2: (a) and (b) were obtained by using the periodogram; (c) and (d) were obtained by using AR modelling.
The window duration was 10 ms for (a) and (c) and 5 ms
for (b) and (d). The AIC was used to determine the
optimal order of each spectral line of the AR spectrogram
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(a) In-phase component of a Doppler signal segment, and
(b) corresponding real component of AR modelling error
signal. The sampling frequency was 20 kHz
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5ms, the values of SEA increased significantly for the
periodogram (p = 0.0052) and were not significantly different (p = 0"93) for the AR modelling. The statistical test
thus confirmed that SEA is less sensitive to window duration when AR modelling is used.
3.3 Modelling the Doppler signal as an A R process
Fig. 5 shows a 10ms segment of the in-phase cardiac
Doppler signal at peak systole and its corresponding real
component of the complex error signal of AR modelling.
Table 2 shows the maximum frequencies of the 20 peaksystolic segments of the 20 patients, which were used to
Table 2 The maximum frequencies of peak-systolic segments of
20 patients and the corresponding Q values. All Q values are less
than the reference ehi-square value of 31.4

Maximum
frequency,
kHz

Q value

Patient

Maximum
frequency,
kHz

1

3"1

25'1

11

2.5

2
3
4
5
6
7
8
9
10

3.2
2.4
3.4
3'0
2"0
2.6
2"5
3'0
3"3

16'0
14'9
15"4
19'8
25"9
18"4
21-2
14"2
20-4

12
13
14
15
16
17
18
19
20

2-6
2-0
3.0
5'0
3.0
2.7
3.7
2.5
2.5

Patient

Q value
14'6
14.8
27"7
30'3
30'9
14"8
16.2
19-7
12"9
14-4

determine the decimation factors, and the Q values corresponding to the error signals. As all the Q values were less
than the chi-square value (31.4) with 20 degrees of freedom
at a significance level of 0.05, the whiteness of the error
signals for all segments was accepted. We can thus conclude that the cardiac Doppler signal can be modelled
adequately by a complex AR process.

cycles was used in the past to reduce these fluctuations on
the spectrogram (CLOUTIERet al., 1992). The advantage of
using an AR spectral estimator is to smooth these fluctuations, as a pth-order AR model is constrained to have
fewer than p spectral peaks. As stated previously, the AR
model order most often used for cardiac Doppler signals
was around five in the present study. For this small value
of p, a smoothed spectrogram is consequently obtained.
Thus to achieve the same reduction of amplitude variability, fewer spectrograms are required in the ensemble
average if the AR method is used.
When the periodogram is used, both the stationarity of
the signal and the frequency resolution of the spectra are
factors to determine window duration. A shorter window
used to ensure signal-segment stationarity introduces a
spread in the frequency domain and therefore reduces the
spectral resolution. Thus, a compromise between frequency
resolution and signal stationarity is required. However,
when AR modelling is used, the choice of window duration
only depends on the stationarity of the signal. Thus, a
shorter sliding window can better reflect the nonstationarity of the Doppler signal and describes the variation
of blood velocity with time more accurately.
4.2 The appropriateness of the A R model for Doppler
signals
In the present study, the modelling error signals were
used to evaluate the appropriateness of the AR process as
a model of the Doppler blood-flow signal. It should be
noted that, for power spectral estimation of a signal with
unknown properties, the modelling error is not necessarily
a white-noise process. However, it has the characteristics
of white noise only when the model order p is very large or
if the signal is a true AR process for a low order. The
results listed in Table 2 confirmed that the Doppler bloodflow signal can be modelled as a true complex AR process.
A complementary study was done to evaluate the effect

4 Discussion and conclusion

4.1 A R modelling of Doppler blood-flow signal
One concern with model identification is to obtain a
reasonable estimate of the specific value of the model order
p that best describes the finite duration of the signal, and
to estimate these parameters from the signal. In the present
work, two well known criteria were studied to select p.
When the window duration was 10ms, F P E and AIC had
almost identical behaviours, as shown in Fig. 3. This indicates that either the F P E or AIC can be used for AR
modelling of the Doppler signal. SCHLINDWEINand EVANS
(1990) showed that overestimating the order of the AR
model introduces less error in the spectral estimation than
underestimating it. Thus, a relatively high fixed-order
implementation for cardiac Doppler spectrogram estimation would also be an acceptable approach. However, it
has been noted that too high a model order can introduce
spurious peaks in the spectrogram. Based on the results of
Fig. 3 obtained from the 20 patients, the order most often
used was five, and no order greater than 16 was required.
Thus, a model order between five and 16 should be used
when a fixed order is selected to estimate each spectrum.
In practice, the Doppler spectrogram has a deterministic structure related to the mean blood-flow field on
which random fluctuations of scatters are superimposed.
To reduce the amplitude variance of the spectrogram and
enhance the flow field components, an ensemble average
is usually used. Averaging between two and 20 cardiac
246
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of sampling frequency on the Doppler spectrogram estimation. Fig. 6 shows an example. The sampling rate of Fig. 6a
was kept at 20 kHz, and that in Fig. 6b was reduced to
10kHz. No important difference was observed from these
two spectrograms. Figs. 7a and b show the histograms of
the model orders used for computing Figs. 6a and b,
respectively. Lower orders were more often selected for
Fig. 6b, which indicates that the model order also depends
on the sampling frequency. A paired t-test was carried out
on the two groups of SEAs obtained from the AR spectrograms of the 20 patients with sampling frequencies of 20
and 10kHz, respectively. At a significance level of 0.05, no
statistical difference was found between these two groups
of SEAs. This implies that SEA is not sensitive to sampling
rate when AR modelling is used. A proper low sampling
0.4
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Fig. 7

(a) and (b) show the histograms of the orders of the AR
model used to compute the spectrograms of Figs. 6a and b,
respectively.

frequency is thus recommended, because it corresponds to
smaller orders and less computational complexity. Owing
to the nonstationarity of the Doppler signal, it is not easy
to optimise the sampling frequency for each signal segment
throughout the cardiac cycle. Because the Doppler signal
has the m a x i m u m frequency during the peak systole, using
the sampling frequency just above twice the m a x i m u m significant frequency of the peak-systolic signal is recommended when carrying out the AR Doppler spectrogram
estimation.
In comparison with the periodogram, AR modelling is
better for Doppler spectrogram estimation, owing to the
higher frequency resolution, higher statistical consistency
and lower sensitivity to Doppler speckles, window duration and sampling frequency. The Doppler blood-flow
signal can be adequately modelled as a complex AR
process when the order p is determined by either F P E or
AIC.
Medical & Biological Engineering & Computing

Acknowledgments--The authors gratefully acknowledge the secretarial assistance of Mrs Francine Durand and the technical
assistance of Mr Gaetan Boudreau. This research was supported
by the National Science & Engineering Research Council of
Canada.

References
Box, G. E. P. and JENKINS, G. M. (1976) Time series analysis:
forecasting and control. (revised edn.) Holden-Day, San Francisco.
CANNON, S. R., RICHARDS, K. L. and ROLLWITZ, W. T. (1982)
Digital Fourier techniques in the diagnosis and quantification
of aortic stenosis with pulse Doppler echocardiography. J.
Clin. Ultrasound, 10, 101-107.
CLOUTIER, G., LEMIRE, F., DURANO, L.-G., LATOUR, Y. and
LANGLOIS,Y. E. (1990) Computer evaluation of Doppler spectral envelope area in patients having a valvular aortic stenosis.
Ultrasound in Med.& Biol., 16, 247-260.
CLOUTIER, G., ALLARD, L., Guo, Z. and DURAND, L.-G. (1992)
The effect of averaging cardiac Doppler spectrograms on the
reduction of their amplitude variability. Med. & Biol. Eng. &
Comput., 30, 177 186.
GIDDENS, D. P. and KITNEV,R. I. (1985) Blood flow disturbances
and spectral analysis. In Noninvasive diagnostic techniques in
vascular disease. BERNSTEIN,E. F. (Ed.), The C.V. Mosby Co.,
St Louis, 58-68.
GUO, Z., DURAND, L.-G., ALLARD, L., CLOUTIER, G., LEE, H. C.
and LANGLOIS,Y. E. (1993) Cardiac Doppler blood-flow signal
analysis. Part 1 Evaluation of the normality and stationarity of
the temporal signal. Med. & Biol. Eng. & Comput., 31.
HERMENT, A., DEMOMENT,G., DUMEE, PH. and ARCILE, C. (1990)
High-resolution and low variance, real-time spectral analysis of
Doppler signals. 12th Ann. Conf. IEEE EMBS, Philadelphia,
Pennsylvania, lst-4th Nov., 310 311.
KALUZYNSKI, K. (1987) Analysis of application possibilities of
autoregressive modelling to Doppler blood flow signal spectral
analysis. Med.& Biol. Eng. & Comput., 25, 373-376.
KALUZYNSKI,K. (1989a) Order selection in Doppler blood flow
signal spectral analysis using autoregressive modelling. Ibid.,
27, 89-92.
KALUZYNSKI,K. (1989b) Selection of a spectral analysis method
for the assessment of velocity distribution based on the spectral
distribution of ultrasonic Doppler signals. Ibid., 27, 463-469.
KAY, S. M. and MARPLE, S. L. (1981) Spectrum analysis--a
modern perspective. Proc. IEEE, 69, 1380-1419.
KITNEY, R. I., TALHAM], H. and GIDDENS, D. P. (1986) The
analysis of blood velocity measurements by autoregressive
modelling. J. Theor. Biol., 120, 419-442.
MO, L. Y. and COBBOLO, S. C. (1986) "Speckle" in continuous
wave Doppler ultrasound spectra: a simulation study. IEEE
Trans., UFFC-33, 747 753.
PANIDIS, I. P., MINTZ, G. S. and Ross, J. (1986) Value and limitations of Doppler ultrasound in the evaluation of aortic stenosis: a statistical analysis of 70 consecutive patients. Am. Heart
J., 112, 150 158.
RITTGERS, S. E. 0987) Signal processing of Doppler information.
Echocardiography, 4, 7 15.
SCHL1NDWEIN,F. S. and EVANS, O. H. (1989) A real-time autoregressive spectrum analyzer for Doppler ultrasound signal.
Ultrasound in Med.& Biol., 15, 263-272.
SCHLINDWEIN, F. S. and EVANS, D. H. (1990) Selection of the
order of autoregressive model for spectral analysis of Doppler
ultrasound signals. Ibid., 16, 81 91.
VMTKUS, P. J. and COBBOLD,R. S. C. (1988) A comparative study
and assessment of Doppler ultrasound spectral estimation
techniques, part I: Estimation methods. Ibid., 14, 661-672.
VAITKUS, P. J., COBBOLO,R. S. C. and JOHNSTON,K. W. (1988) A
comparative study and assessment of Doppler ultrasound spectral estimation techniques. Part II: Methods and results. Ibid.,
14, 673 688.
YAMAGUCHI,T., KIKKAWA,S. and PARKER, K. H. (1987) Simulation of nonstationary spectral analysis of turbulence in the
aorta using a modified autoregressive or maximum entropy
(AR/ME) method. Med. & Biol. Eng. & Comput., 25, 533-542.

M a y 1993

247

Authors" biographies
Zhenyu Guo was born in Kunming, China, in
1963. He received the B.Sc. and M.Sc. degrees
in Electronics from Yunnan University,
Kunming, China, in 1983 and 1986, respectively. From 1986 to 1988, he was with the
Department of Radio Electronics, Yunnan
University. He is currently working toward
the Ph.D. degree at the Department of Electrical Engineering, McGill University, and the
Laboratory of Biomedical Engineering, Clinical Research Institute of Montreal, Montreal, Canada. His research interests are
digital signal processing and pattern recognition applied to echoDoppler and phonocardiographic signals.

G u y Cloutier was born in Trois-Rivi6res,
Qu6bec, Canada, in 1961. He received a
B.Eng. degree in Electrical Engineering from
the Universit+ du Qu6bec ~t Trois-Rivi6res in
1984, and M.Sc. and Ph.D. degrees in Biomedical Engineering from the Ecole Polytechnique, Universit6 de Montr6al in 1986 and
1990, respectively. Currently, he is a Postdoctoral Research Fellow of the Natural Sciences
& Engineering Research Council of Canada at the Laboratory of
Medical Ultrasonics, Bioengineering Program, the Pennsylvania
State University. His principal research interests are blood-flow
characterisation, ultrasonic tissue characterisation and digital
signal processing and pattern recognition of Doppler echocardiographic signals.

Louis-Gilles Durand was born in St-Jean de
Matha, Qu6bec, Canada, in 1949. He received
the B.Sc., M.Sc. and Ph.D. degrees in Electrical Engineering from the Ecole Polytechnique,
University of Montreal in 1975, 1979 and
1983, respectively. He is presently Director of
the Biomedical Engineering Laboratory at the
Clinical Research Institute of Montreal,
Research Associate Professor in the Department of Medicine at the University of Montreal and Adjunct
Professor at the Institute of Biomedical Engineering of the Ecole
Polytechnique, Montreal, Canada. His current interests are
digital signal processing of the phonocardiogram and echoDoppler signal, modelling of the heart/thorax acoustic system
and medical instrumentation.

Howard C. Lee received the B.Sc. degree in
Engineering Physics from the University of
Manitoba in 1959, and M.Eng. and Ph.D.
degrees in Electrical Engineering from McGill
University, Canada, in 1964 and 1969, respectively. He has been active in biomedical engineering for over 20 years, with past research
interests in neural signals and systems and
computed tomography, and current interests
in biomedical signal processing and sensory aids for the deaf and
the blind. He is an Associate Professor in the Department of
Electrical Engineering at McGill University.

Louis Allard was born in Qu6bec City,
Qu6bec, Canada, in 1961. He received the
B.Sc.A. degree in Engineering Physics from
Laval University, Qu6bec, in 1985, and a
M.Sc.A. degree in Biomedical Engineering
from the Ecole Polytechnique, University of
Montreal, in 1988. He is presently a Research
Associate at the Biomedical Engineering
Laboratory of the Clinical Research Laboratory of the H6tel-Dieu de Montr6al Hospital. His major interests are digital signal processing, image processing and pattern
recognition applied to echo-Doppler signals.

Yves Langlois was born in Montreal, Canada,
in 1950. He received his MD in 1975 from the
University of Montreal. He is presently
Associate Professor of Surgery at the University of Montreal and active Cardiovascular
Surgeon at H6tel Dieu de Montr6al Hospital.
He is also Director of the Cardiovascular
Research Laboratory at the H6tel Dieu and
Senior Researcher at the Biomedical Engineering Laboratory of the Clinical Research Institute of Montreal.
His major interests are cardiovascular physiology and the use of
complex biological signals in their clinical application for the
detection and quantification of arterial and cardiac diseases.

248

Medical & Biological Engineering & Computing

May 1993

