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a b s t r a c t

Color Doppler imaging (CDI) is the premiere modality to analyze blood flow in clinical practice. In the
prospect of producing new CDI-based tools, we developed a fast unsupervised denoiser and dealiaser
(DeAN) algorithm for color Doppler raw data. The proposed technique uses robust and automated image
post-processing techniques that make the DeAN clinically compliant. The DeAN includes three consecu-
tive advanced and hands-off numerical tools: (1) statistical region merging segmentation, (2) recursive
dealiasing process, and (3) regularized robust smoothing. The performance of the DeAN was evaluated
using Monte-Carlo simulations on mock Doppler data corrupted by aliasing and inhomogeneous noise.
Fifty aliased Doppler images of the left ventricle acquired with a clinical ultrasound scanner were also
analyzed. The analytical study demonstrated that color Doppler data can be reconstructed with high
accuracy despite the presence of strong corruption. The normalized RMS error on the numerical data
was less than 8% even with signal-to-noise ratio as low as 10 dB. The algorithm also allowed us to recover
highly reliable Doppler flows in clinical data. The DeAN is fast, accurate and not observer-dependent. Pre-
liminary results showed that it is also directly applicable to 3-D data. This will offer the possibility of
developing new tools to better decipher the blood flow dynamics in cardiovascular diseases.

� 2011 Elsevier B.V. All rights reserved.
1. Introduction

Color Doppler ultrasound imaging is the most widespread non-
invasive technique to analyze the blood flow in clinical practice.
Velocity information is typically mapped in real time using red
and blue colors overlaid over a gray-scale (B-mode) image of the
surrounding tissues (Shung, 2006). In the echographic laboratory,
color Doppler flow imaging is generally used as a visual tool that
helps to diagnose several cardiovascular diseases. To cite a few
examples, ultrasound color flow imaging is used to detect vascular
stenoses, appraise the flow patterns in the heart cavities and follow
up the development of aneurysms. Using this method, it is also
possible to get quantitative measurements such as mitral regurgi-
tant flow rate (Grayburn, 2008), left ventricular flow propagation
velocity (Lester et al., 2008) or intra-ventricular pressure gradients
(Yotti et al., 2005). Recently, there has also been a revival of inter-
est in vectorial flow field reconstruction from color Doppler imag-
ing using a multibeam approach (Arigovindan et al., 2007). A full
motion field, contrary to the single scalar component provided
by the color Doppler mode, could lead to further flow measures,
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such as vortex components, which are expected to play a key role
in the cardiovascular hemodynamics (Gharib et al., 2006). Because
ultrasound scanning is always subject to artifacts, data processing
algorithms are required to generate quantitative techniques based
on color-Doppler echography. Doppler signal indeed contains (1)
nonhomogeneous noise, (2) aliasing and (3) outlying values: (1)
signal-to-noise ratio in color Doppler is dependent upon several
factors including transducer (pulse bandwidth, transmit power,
packet size), anatomy (shadowing due to air or bones) and flow
characteristics (stationary vs. transient, laminar vs. turbulent);
(2) aliasing (signal folding) occurs whenever the Doppler frequency
to be determined is higher than half the PRF (pulse repetition fre-
quency) of the ultrasound signal; choosing a high PRF allows mea-
surements of large velocities but limits the scanning depth; (3)
finally, outlying or corrupt values may appear due to echoes in
slow moving tissues (clutter signal), acoustic shadowing, edge arti-
facts along strongly reflective interfaces (Mitchell, 1990) and tur-
bulent or highly transient flows.

In this paper, we propose an unsupervised and robust strategy
(acronymed DeAN) for dealiasing (unfolding) and denoising color
Doppler images. Such a process is a sine qua non for further esti-
mation of flow quantities (strain, vorticity, circulation, mass flow,
pressure gradient. . .) that could be of clinical interest. The dealia-
ser/denoiser (DeAN) contains three consecutive numerical steps:
(1) segmentation of the color Doppler image using a region merg-
ing scheme based on the Hoeffding’s probability inequality
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Fig. 1. The three steps of the DeAN processing in a carotid bifurcation: segmentation (from panel A to panel B), dealiasing (from B to C), and robust smoothing (from C to D).
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(Hoeffding, 1963), (2) dealiasing by means of a recursive rule that
compares neighboring regions, and (3) regularized robust smooth-
ing via discrete cosine transforms (Garcia, 2010). An overview of
the DeAN and its three steps is given by Fig. 1 which depicts a car-
otid flow that has been dealiased and denoised with this approach.

The outlines of the paper are as follows. Section 2 briefly com-
ments on some existing methods for dealiasing and denoising color
Doppler flow data. Section 3 features the theoretical and numerical
fundamentals of the proposed DeAN methodology. A validation of
the entire process based on Monte-Carlo simulations and statistical
analyses with clinical datasets are provided in Section 4. Finally,
clinical implications, limitations, and future directions towards
3-D color-Doppler are summarized.

2. Existing dealiasing and denoising techniques for Doppler
data

2.1. Dealiasing

Aliasing is a recurrent artifact encountered when scanning the
pulsatile blood flow with Doppler ultrasound. It occurs when the
flow information is sampled insufficiently. As Doppler velocity
exceeds a certain magnitude called the Nyquist velocity (VN), it is
aliased (wrapped around) to the opposite side of the Doppler spec-
trum (Pellett et al., 2005). On most color Doppler images, aliased
velocities are effortlessly detectable by the experienced eye (see
for example Fig. 2): in the classical red-blue colormap, color-
encoded velocities wrap around so that color information turns
from red to blue or vice versa. Recent quantitative tools with
potentially high clinical interest rely upon the velocity field mea-
sured by color Doppler (Yotti et al., 2005; Arigovindan et al.,
2007; Edvardsen et al., 2005). Recovering aliased velocities is a sine
qua non for these techniques to afford reliable information. The
issue of aliasing correction, however, has been scarcely raised
(Plicht et al., 2008; Funamoto et al., 2005; Yotti et al., 2004;
Greenberg et al., 1996), or even evaded (Tonti et al., 2000; Yakhot
et al., 2007; Arigovindan et al., 2007), in color Doppler imaging.
Indeed, automated detection and correction of aliased velocities
is not a trivial problem. Shahin et al. (2000) tackled the dealiasing
dilemma by suggesting a fuzzy logic approach. Their algorithm,
however, is not versatile and remains limited since it requires
training on a database of Doppler images. Probably the most effec-
tive techniques that have been proposed for dealiasing Doppler
data are issued from meteorological and atmospheric sciences; like
echographists, meteorologists and atmospheric scientists must
also deal with aliased velocities given by Doppler weather radars
(Wüest et al., 2000; Gao and Droegemeier, 2004; James and Houze
Jr., 2001; Jing and Wiener, 1993). Several approaches have been
introduced and we were inspired by one of them (James and Houze
Jr., 2001): the value of each gate (represented by one pixel or voxel)
is adjusted according to the velocity values of the neighboring
gates. Rather than considering individual gates, however, we used
groups of connected gates (see Section 3.2 for details) to make the
algorithm more robust.

2.2. Denoising

Doppler ultrasound signals are inherently noisy. Denoising is
thus essential if one wishes more information than the sole veloc-
ities, especially differential quantities such as strains and vortici-
ties (Uejima et al., 2010; del Álamo et al., 2009). Although, in
theory, numerous effectual two-dimensional smoothers could be
of interest in the processing of non-aliased color Doppler images,
only a handful were devoted to color Doppler imaging. Yakhot
et al. (2007) recently described a reconstruction method for gappy
and noisy flow data based on proper orthogonal decomposition
(POD) and Kriging interpolation. POD decomposes a signal into
an orthogonal basis with optimal energy compaction so that only
a few components can be kept to characterize this signal. Using
the principal POD modes, the authors smoothed color Doppler
images by means of locally weighted scatterplot smoothing. A
requirement for POD is the need of several snapshots whose num-
ber must be sufficiently large. The approach suggested by Yakhot
et al. (2007) is thus unsuited to single Doppler images or series that
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Fig. 2. Reconstructed color Doppler images of a carotid bifurcation before (panel A)
and after (panel B) DeAN-processing. See also Fig. 1. As a comparison, the inset
represents the original truecolor images provided by the ultrasound scanner.
Because we kept the original color scale, the colors of the dealiased velocities in
panel B are saturated. Here, the maximal velocity after dealiasing was 47.4 cm/s.
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contain a small number of frames. Kriging interpolation was also
used in to fill in large zones of missing information in simulated
flows. Kriging is a common technique in geostatistics where obser-
vations are often isolated or irregularly located. In Doppler ultra-
sound, however, observations are never missing although they
can be highly corrupt for reasons mentioned in the introduction:
each gate of each scan-line indeed returns a value. Inpainting
algorithms for color Doppler velocities are therefore of no use in
practice. Two other recent studies are also worth being referred
to. Tsai et al. developed a smoother based on the Mumford–Shah
functional that was successfully carried out on one color Doppler
image with no aliasing (see Fig. 12 in Tsai et al. (2001)). Bermejo
et al. (2001) used smoothing splines on color Doppler M-mode
images for estimating pressure gradients in the heart cavities.
Several significant drawbacks must be noticed about the three
above-mentioned methods: (1) smoothing was applied on truecol-
or (RGB) Doppler images provided by the ultrasound scanner; such
images were already post-processed by a black box system includ-
ing post-scanning, interpolation, filtering and thresholding with
unknown characteristics; (2) in addition, the influence of outlying
velocities was not minimized, which could have adversely affected
the smoothed pattern in the presence of strong clutter signals or
turbulence; (3) finally, these methods included several smoothing
parameters that were chosen heuristically. The ‘‘best’’ tuning
parameters that may yield the ‘‘most expected’’ result, however,
depend upon the size and the signal-to-noise ratio of the image
to be smoothed. As a consequence, predetermined fixed parame-
ters should be avoided since they can lead to significant under-
or over-smoothing.

In comparison, the DeAN method that we propose (1) works on
data before post-scanning i.e. on raw Doppler velocities obtained
after autocorrelation of the I/Q (in-phase quadrature) signals, (2)
uses a robust smoother that minimizes the influence of outlying
velocity values, and (3) is made optimized and unsupervised by
minimizing the so-called generalized cross-validation score (see
Section 3.3 for details). The DeAN was tested both on simulated
and real color Doppler fields (see Section 4). The following section
describes the theoretical rationale of the DeAN.
3. Unsupervised robust post-processing of color Doppler data

In this section, we propose a new methodology for post-process-
ing of color Doppler ultrasound data. Keeping in mind that the pur-
pose of color Doppler imaging is essentially clinical, such a
methodology must be made as clinically-compliant as possible. As
a consequence, several constraints must be fulfilled. Besides its effi-
ciency and reliability, the algorithm should demonstrate low inter-
and intra-observer variability. The tuning parameters, if any, must
be thus independent of the observers and determined automatically
and optimally. The method should also be preferentially robust in
order to avoid adverse effects due to potential spurious data. Finally,
the numerical algorithms should be easily adaptable to 3-rank ten-
sors. Indeed, recent engineering advances in ultrasound largely im-
proved the temporal and spatial resolutions of ultrasound
instruments, and real-time high-resolution 3-D echocardiography
is becoming a widespread practice (Chaoui et al., 2004).

Our numerical scheme for post-processing Doppler data is three-
fold: segment, dealias then denoise the Doppler velocity field. The
objective of the segmentation is to partition the Doppler velocity
field into a small number of clusters that contain either non-aliased
or aliased velocities exclusively. The dealiasing process then com-
pares neighboring sets and corrects the velocity values of aliased re-
gions. Finally, the dealiased velocity field is smoothed using a robust
and automated regularizer based on discrete cosine transforms. In
2-D color Doppler imaging, the Doppler velocity inputs are stored
in matrices, whose each column and each component correspond
to one scan-line and one single gate, respectively. As a consequence,
the DeAN mostly contains matrix or image operators. In the follow-
ing, one pixel refers to one gate. The DeAN can be extended to 3-rank
tensors (see Fig. 12 for one illustration); in that case, ‘‘voxel’’ would
be a more appropriate terminology.
3.1. Segmentation

The velocity field is segmented by region growing and merging.
The region growing approach examines iteratively whether neigh-
boring regions should be merged using a predicate, i.e. a logical
function that returns either true or false. The procedure is iterated
until every pixel belongs to a region. Region growing segmentation
is highly dependent on the predicate and the order in which the re-
gions are processed. We used a strategy similar to that introduced
by Nock and Nielsen (2004) which presents the advantage of being
simple and very well adapted to color Doppler data, as shown
below.

Let (pi, pj)i–j denote a pair of connected pixels and f the function
defined by: f(pi, pj) = |V(pi)–V(pj)|, where V(pk) stands for the
Doppler velocity at pixel pk. Following Nock and Nielsen (2004),



580 S. Muth et al. / Medical Image Analysis 15 (2011) 577–588
all the pairs of adjoining pixels (using a 4-connectivity in 2-D, or a
6-connectivity in 3-D) are first sorted in ascending order of f. The
merging predicate is then evaluated over this list of pixel pairs.
For a given couple of pixels, if the predicate is true, then the two
groups that include these pixels are merged. The next pair is then
analyzed and so on until the last pair of the list is reached. Nock
and Nielsen derived a predicate from the McDiarmid’s inequality
(McDiarmid, 1989; Nock and Nielsen, 2004). Although we kept
the same original concept, we choose a more straightforward pred-
icate issued from the corollary of the Hoeffding’s inequality (Hoeff-
ding, 1963). Some preliminary tests that we performed indeed
showed that they both provide close final results with color Doppler
fields. The predicate that we used can be established as follows. Let
Ri and Rj be two connected regions containing ni and nj pixels,
respectively. Let Vk represent the sample mean of the Doppler
velocities in the region Rk. We postulate that the pixels of two con-
nected regions Ri and Rj belong to the same population (and thus Ri

and Rj can be merged) if the corresponding expectation values EðViÞ
and EðVjÞ are equal (Nock and Nielsen, 2004). An upper bound for
the probability P that the sample mean difference exceeds its
expectation value is given by Hoeffding (see corollary of theorem
2 in (Hoeffding, 1963)):

PðjVi � Vj � EðVi � VjÞjP eÞ 6 p with

p ¼ 2 exp
�2e2

ðn�1
i þ n�1

j Þðb� aÞ2

 !
; ð1Þ

where (b � a) is the range of the Vk. If Ri and Rj belong to the same
population, then EðVi � VjÞ ¼ 0, and the complement of this
inequality can be rewritten as:

P jVi �Vjj< ðb� aÞ
ffiffiffiffi
Q

p ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
n�1

i þ n�1
j

q� �
> ð1� pÞ with Q ¼ 1

2
ln

2
p

� �
:

ð2Þ

Because the Doppler velocities are in the interval [�VN, VN], the
range (b � a) equals 2VN (VN = Nyquist velocity). Choosing a low
value for p, one can thus formulate the following predicate:

Two groups Ri and Rj are merged if jVi � Vjj

< 2VN

ffiffiffiffi
Q

p ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
n�1

i þ n�1
j

q
: ð3Þ

This segmentation process was implemented in Matlab using
the union/find algorithm (Sedgewick and Wayne, 2007). As shown
in Eq. (3), the probability that groups are merged increases with
increasing Q; a large Q value thus leads to large regions. For our
application, we chose Q = 15 based on results issued from a series
of 50 clinical echographic images (see Section 4.3 for details).

The actual blood velocity field is expected to be continuous and
relatively smooth (no excessively high gradients). Therefore, it is
very likely that the groups generated by the segmentation include
mostly either aliased or non-aliased velocities. However, because
the aforementioned segmentation is little sensitive to noise, tiny
aliased/non-aliased clusters can be merged with large non-ali-
ased/aliased groups. This will very little influence the final result
returned by the robust weighted smoothing (see Section 3.3). Once
the Doppler field has been partitioned into non-aliased and aliased
clusters, aliased velocities are corrected using the dealiasing proce-
dure described below.

3.2. Dealiasing

Aliasing occurs whenever the Doppler velocity magnitude is
higher than the Nyquist velocity (VN). The actual blood velocity
(Vb) is related to the Doppler velocity (VD) by:

Vb ¼ VD þ 2nNVN; ð4Þ
where nN is an unknown positive or negative integer (the Nyquist
number) that represents the number of Nyquist intervals the true
velocity deviates from the measured value (Bergen and Albers,
1988). Dealiasing consists in determining the value of nN for each
gate (or pixel). In practice, the blood velocity field is smooth, i.e.
it contains continuous derivatives in all directions (no step gradi-
ent). If the spatial and temporal resolutions of the Doppler trans-
ducer are high enough, then two neighboring gates should
provide close velocity values, unless one is aliased and the other
is not. Let VDi

and VDj
be the Doppler velocity values of two neigh-

boring gates #i and #j. Let us assume now that the actual blood
velocity at gate #i (Vbi

) is known. According to Eq. (4), because
Vbi

and Vbj
are close, the Nyquist number at gate #j (nNj) can be esti-

mated by:

nNj
� nint

Vbj
� VDj

2VN

� �
¼ nint

Vbi
� VDj

2VN

� �
; ð5Þ

where nint stands for the nearest integer function. Eqs. (4) and (5)
finally yield the actual blood velocity at gate #j knowing blood
velocity at neighbor gate #i:

Vbj
¼ VDj

þ 2nint
Vbi
� VDj

2VN

� �
VN: ð6Þ

An analogous methodology has been used in atmospheric sci-
ences (James and Houze Jr., 2001). Rather than evaluating single
pairs of connected pixels, however, we compared adjoined groups
of homogeneous pixels, as generated by the region merging seg-
mentation. In the following paragraph, Vbk

and VDk
will now refer

to the blood and Doppler velocity fields of the segment #k.
The complete dealiasing process is the following. We hypothe-

sized that the largest segment is not aliased. In echographic prac-
tice, this assumption is almost always true whenever the
clinician tries to acquire as much unambiguous Doppler signal as
possible. This segment (denoted S0) is considered as the reference.
We now call S1 (–S0) the largest segment connected to S0 (in the
4-connectivity sense in 2-D), and oS0 and oS1 the respective perim-
eters of S0 and S1. Let @Sij@Sj

define the set of pixels that are part of Si

and that are 4-connected to at least one pixel belonging to Sj. The
blood velocity field Vb1 related to the segment S1 is adapted from
Eq. (6) by using the median velocities in @S0j@S1

and @S1j@S0
, as

follows:

Vb1 ¼ VD1 þ 2nint
eV bð@S0j@S1

Þ � eV Dð@S1j@S0
Þ

2VN

 !
VN; ð7Þ

where � refers to the statistical median. Once the velocities in S1

have been corrected by Eq. (7), S0 and S1 are merged and the result-
ing segment becomes the new reference S0. The whole process is
then repeated until each segment has been analyzed.

3.3. Denoising

Let us write the 2-D m � n resulting blood velocity Vb = Vb(k, l),
where k and l are the row and column numbers, respectively. This
blood velocity field still contains some noise and outliers. More-
over, the dealiasing process may have misclassified isolated pixels
or tiny clusters, which induces the presence of additional outlying
values. To remove the noise and the outliers from the dealiased
velocity field, we used a robust spline smoother acronymed as
DCT-PLS (Garcia, 2010). This algorithm based on a penalized least
squares (PLS) approach, combined with the discrete cosine trans-
form (DCT), allows robust smoothing of multidimensional gridded
data. In two dimensions, the DCT-PLS is reduced to the following
fixed point iteration:

V̂bfnþ1g ¼ IDCT2ðC � DCT2ðW � ðVb � V̂bfngÞ þ V̂bfngÞÞ; ð8Þ
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where V̂b represents the smoothed velocity field to be determined
and V̂bfng stands for V̂b at the nth iteration step. Eq. (8) has been
shown to converge (Garcia, 2010) for any initial conditions (we used
V̂bf1g ¼ Vb). DCT2 and IDCT2 refer to the 2-D discrete cosine trans-
form and its inverse, respectively, and � stands for the Schur (ele-
mentwise) product. The filtering array C is derived from the
eigenvalues of the DCT matrix and is yielded by:

Ckl ¼ 1þ s 4� 2 cos
ðk� 1Þp

m
� 2 cos

ðl� 1Þp
n

� �2
 !�1

: ð9Þ

Eq. (9) includes a real positive scalar s that controls the degree
of smoothing: as the s parameter increases, the smoothing of V̂b

also increases. An unsuitable selection for s could lead to under-
or over-smoothed velocities. To avoid any subjectivity in the choice
of the amount of smoothness and make the process unsupervised,
the unique tuning parameter s was determined by minimizing the
generalized cross-validation (GCV) score (Craven and Wahba,
1978). Minimization of the GCV score helps to optimize the
trade-off between bias and variance: the bias measures how well
the smoothed velocity field V̂b approximates the true velocity field,
and the variance measures how well the original measured data
field Vb can be estimated by V̂b. In the particular case of the DCT-
PLS, the GCV score can be highly simplified as discussed in (Garcia,
2010). Craven and Wahba have shown that the s value that mini-
mizes the GCV score is also a fair minimizer of the mean square er-
ror (MSE) between the estimator and the actual value (Craven and
Wahba, 1978). In the context of color Doppler data, the optimal s
thus provides the best guess of the actual Doppler velocity field
in the MSE sense. This assertion is essentially true in the presence
of Gaussian white noise. It has been reported, however, that the
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Fig. 3. DeAN-based post-processing of mock Doppler fields with medium (panel A) and lo
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GCV remains fairly adapted even with nonhomogenous variances
and non-Gaussian errors (Wahba, 1990).

The matrix W in Eq. (8) contains both weighted factors assigned
to each element of Vb and the bisquare weights used to make the
smoother robust, i.e. not influenced by a small fraction of outlying
data (Garcia, 2010). Most of the ultrasound scanners provide the
integral of power density of the Doppler signal, also called power
Doppler. In comparison with color flow imaging, power Doppler
is little sensitive to random fluctuations. Furthermore, the total
power of noise and that of flash artifacts remaining after the clutter
filter are much smaller than power related to the blood signal
(Szabo, 2004). To improve the smoothed output, we thus used
the power map P as a weighting matrix. The matrix W that appears
in Eq. (8) can be thus expressed as W ¼ P �Wbs, where Wbs con-
tains the aforementioned bisquare weights that make the process
robust.
4. Validation of the DeAN: methods and results

4.1. Monte-Carlo simulations

In order to quantify its accuracy, the proposed DeAN was tested
on aliased mock Doppler fields with additive noise. The original
Doppler velocity field (V0) was obtained by translating and scaling
three Gaussian distributions as given by the function ‘‘peaks’’ from
Matlab (Fig. 3). V0 was corrupted by a zero-mean Gaussian white
noise with a velocity-dependent local variance (Jensen, 1996):

Vn ¼ V0 þ a
ffiffiffiffiffiffiffiffiffi
jV0j

q
Nð0;1Þ; ð10Þ
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where Vn represents the noisy velocity field, and a is a positive sca-
lar that regulates the amount of noise. Note that the signal-to-noise
ratio (SNR) for such a velocity field can be written as:
-2.4

0

2.4
Corrupt (SNR = 19.3 dB)

C

Corrupt (SNR = 25.2  dB)

-2.4

0

2.4
A

single aliasingdouble aliasing

Fig. 5. Effect of double aliasing on the DeAN. Note that the DeAN was inefficient with h
Doppler fields (panels B and D) were automatically adjusted to match the full range of
SNR ¼ 20log10 kV
0kF=k

ffiffiffiffiffiffiffiffiffi
jV0j

q
kF

� �
� 20log10a; ð11Þ

where k kF denotes the Frobenius norm. Aliasing was then created
using the following Nyquist velocity: VN = ½ max(|V0|). By way of
example, two simulated aliased and corrupt Doppler fields with
a = 0.3 and 0.6 (SNR = 15.8 and 9.7 dB) are illustrated in Fig. 3.
Twenty-four noisy configurations were tested, with a linearly
spaced between 0 (SNR = +1) and 0.6 (SNR = 9.7 dB). One thousand
Doppler fields were simulated based on a Monte-Carlo method for
each of these configurations. The resulting corrupt fields were all
dealiased and denoised with the three consecutive steps of the
DeAN described in Section 3. The performance of our method was
finally evaluated by calculating the normalized root mean squared
error (NRMSE) between the original and the post-processed velocity
fields given by:

NRMSE ¼ kV̂b � V0kF

kV0kF

� 100: ð12Þ

The median, lower and upper adjacent values (in %) of the
NRMSE were plotted as a function of the SNR (in dB). The adjacent
values were defined as the third/first quartile ±1.5 times the inter-
quartile range (McGill et al., 1978). The Monte-Carlo simulations
showed that the DeAN returns accurate and reliable velocity fields,
even with highly corrupt Doppler inputs (Figs. 3 and 4). The med-
ian error between the output and the original velocity field did not
exceed 8% with an SNR as low as 10 dB (Fig. 4).

To analyze the effect of double velocity folding, the same above-
mentioned protocol was repeated with VN = 0.4 max(|V0|). As
shown in Fig. 3, the DeAN also works in the presence of double ali-
asing provided that the SNR is not too low. In our numerical simu-
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lations, however, the DeAN was unable to reconstruct the double-
aliased field when the SNR was lower than 22 dB (Fig. 5, bottom
and Fig. 6).
4.2. Clinical applicability: two illustrative examples

To illustrate that the method proposed in this paper is also suit-
able to real clinical data, the DeAN was tested in several cardiovas-
cular Doppler fields. This paragraph focuses on two specific frames
Segmentat

Smoothin

Raw Doppler

A

DeAN processed

D

Fig. 7. The three steps of the DeAN processing in a mitral flow: segmentation (from p
only. Global results obtained with a large clinical dataset are pre-
sented in the next subsection. Color Doppler acquisitions were car-
ried out through the mitral valve using an apical 2-chamber view
(Figs. 7 and 8) and in the carotid bifurcation (Fig. 1 and 2) of a
healthy volunteer, with a Vivid 7 scanner (GE Healthcare) at the
echographic department of the Jewish General Hospital of Mon-
treal. A 9L linear probe was used for the carotid acquisition. The
PRF was adjusted in order to minimize aliasing as commonly per-
formed during a clinical set-up. The echocardiographic raw data
resulting from autocorrelation of the I/Q signals (prior to scan con-
version) were extracted from the HDF5 (Hierarchical Data Format)
files using the commercial software EchoPAC (GE Healthcare, Hor-
ten, Norway). In these HDF5 files, B-mode images, Doppler velocity
and Doppler power are stored in separate arrays whose each com-
ponent corresponds to the raw value in one gate. The Doppler
velocity fields were post-processed using the DeAN with Q = 15
(see the next subsection for a justification of this specific value).
Doppler power maps were used as weighting functions during
the smoothing process (see Eq. (8)). Figs. 1B and 7B show that
the DeAN segmented adequately the Doppler velocities: each seg-
ment mostly contains aliased or non-aliased data, exclusively. This
resulted in an ideal dealiasing (Figs. 1C and 7C). The persistent out-
lying values (Figs. 1C and 7C) were removed during the DCT-PLS-
based smoothing process (Figs. 1D and 7D). Once post-processed
with the DeAN, the velocity arrays were remeshed to match the
Cartesian system (Figs. 2 and 8). A basic thresholding based on
the velocity and power maps was also carried out and the output
was overlaid with the B-mode image to mimic conventional color
Doppler imaging. As illustrated by Figs. 2 and 8, the DeAN provided
clean and unambiguous color Doppler images. The DeAN was also
analyzed using 50 Doppler images of the left ventricular flow, as
discussed below.

4.3. Validation using a clinical dataset

The most important and critical step in the DeAN is the detec-
tion of the aliased regions and their dealiasing. This process mostly
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depends upon flow nature, image quality and the Q parameter (see
Eq. (3)). To test whether the DeAN dealiases properly, we analyzed
50 aliased Doppler images issued from the clinical databank of the
echographic department of the Jewish General Hospital of Mon-
treal. The echographic images were all performed with Vivid 7
scanners (GE Healthcare) and selected by using EchoPAC. As de-
scribed in the previous subsection, the raw data were extracted
from the HDF5 files. The selection criteria for these 50 images were
(1) left heart flow, (2) transthoracic echography, (3) presence of
significant aliasing, and (4) medium to good visual quality. The
images were first dealiased manually, using a Matlab-coded graph-
ical user interface, under the supervision of a cardiologist or an
echographist. The resulting non-aliased velocities were considered
as the control fields (V0). The original images were also dealiased
automatically using the first two steps of the DeAN (i.e. without
further denoising) with several Q values ranging from 0.01 to 50.
Each DeAN process, including the three consecutive steps of seg-
mentation, dealiasing and robust smoothing, lasted less than
220 ms with a standard desktop (dual core 3 GHz, 3 GB RAM). To
verify whether the dealiased Doppler fields returned by the DeAN
were reliable, the DeAN-derived dealiased velocities (Vb) were
compared with the control fields (V0) by means of the cosine sim-
ilarity index (Hörster et al., 2007) defined by:

cosimðVb;V
0Þ ¼ Vb � V0

kVbk kV0k
: ð13Þ

The cosine similarity indices between the raw (aliased) Doppler
velocities (VD) and the manually dealiased velocities (V0),
i.e.cosimðVD;V

0Þ; were also determined as references. By defini-
tion, the cosine similarity ranges from �1, meaning exactly oppo-
site data, to 1, indicating exactly identical data, with 0 revealing
complete dissimilarity. The median, lower and upper quartiles, as
well as lower and upper adjacent values of the cosine similarities
are represented in Fig. 9. As expected, these boxplots show that
the dealiasing process is highly dependent upon the Q factor that
governs the segmentation. According to our clinical databank, a Q
around 10–15 provides the best results, with a median cosim of
0.93 and a first quartile at 0.80 (see Fig. 9). In comparison, the med-
ian cosim before dealiasing (see Fig. 9, rightmost boxplot) was
0.59. To present several successful examples, Fig. 10 depicts three
different color-Doppler patterns, before and after successful DeAN-
processing. These examples show that the unsupervised DeAN,
with Q = 15, provides reliable unambiguous and smoothed Doppler
velocity fields. In total, 42 among 50 Doppler fields were perfectly
dealiased by the DeAN. It should be noticed that the DeAN in its
current version cannot select an optimal segmenting parameter
(Q, see Eq. (3)) automatically. According to our findings, one must
be aware that Q values outside the [5–20] range (see Fig. 9) might
provide unreliable blood velocity fields. Because Q mostly controls
the size of the segments, it may be expected that Q values > 20,
however, could offer better results with an increased spatial reso-
lution. Alternatively, the DeAN algorithm can be made semi-auto-
mated by adjusting the Q value manually until a correct velocity
field is obtained.
5. Discussion

Dealiasing and noise removal are key elements in improving
cardiovascular diagnostics and developing new clinical tools based
on color Doppler flow imaging. In this paper, we have outlined an
unsupervised approach, called DeAN, capable of dealiasing and
denoising Doppler velocities with high reliability. The numerical
simulations and the clinical data provided in the present manu-
script showed that the DeAN can post-process color Doppler fields
very efficiently in most cases. Such reconstruction significantly en-
hanced the quality of images in color Doppler ultrasound and
recovered ambiguous or spurious information. It must be noticed
that both the dealiasing and smoothing processes in the DeAN
could easily deal with missing data. Indeed, the dealiasing ap-
proach used in the DeAN is not altered by missing values and such
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missing data could be taken into account during the smoothing
procedure by assigning nil weights (see Eq. (8)). In practice, how-
ever, observations are never missing in Doppler ultrasound. The
power of noise and that of flash artifacts are weak in comparison
with the power related to the blood signal; it was thus convenient
to incorporate the power Doppler map as a weighting matrix in
combination with the bisquare weights (see Eq. (8)). Because the
DeAN minimizes the GCV score in order to determine the smooth-
ness parameter s, our approach also returns an optimal field in the
MSE sense (see Section 3.3). In other words, the DeAN avoids un-
der/over-smoothing as far as possible, which is of major impor-
tance for further analyses including differentiating operators.

5.1. Clinical applications

Doppler echocardiography is the most widespread imaging
technique to assess cardiovascular function. Although it was orig-
inally developed for purely qualitative evaluation, diagnostic quan-
tification using color-Doppler derived indices has now been
established as a requisite in the clinical practice. Quantitative mea-
sures from color Doppler images have considerably improved the
noninvasive assessment of cardiovascular diseases. To cite one re-
cent and promising quantitative tool, application of the continuity
equation for color-Doppler velocities has been shown to provide an
accurate two-dimensional vector flow mapping in the left ventricle
(Garcia et al., 2010). This technique requires the Doppler field to be
first dealiased and smoothed. Classical approaches consist in
supervised dealiasing and kernel average or non-robust spline
smoothing using heuristic parameters. In comparison with the
common techniques used to post-process echo-Doppler data, the
DeAN is robust, full-automated and, as a consequence, not obser-
ver-dependent. Moreover, as mentioned above, the smoothing pro-
cedure in the DeAN is optimal. In addition, the DeAN uses fast
discrete cosine transforms (DCT) with a O(N log(N)) computational
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complexity. Because the DCT algorithms are easily parallelizable,
the DeAN could be largely sped up by the use of graphics process-
ing units (GPU) and implemented in ultrasound scanners to obtain
real-time smoothed and denoised Doppler fields. The DeAN can
thus offer the possibility of better studying some recently investi-
gated aspects of blood flow dynamics, such as intracardiac pressure
gradients (Yotti et al., 2005) and vortex dynamics (Garcia et al.,
2010; Uejima et al., 2010).

5.2. Limitations of the DeAN

Among the 50 images of the clinical dataset, 8 were incorrectly
dealiased by the DeAN (see Fig. 11 for 3 examples). The segmenta-
tion can indeed be inadequate if the flow is highly perturbed and/
or the signal quality is low. As stated in Section 3.2, the DeAN also
assumes that the blood velocity field has no step gradient. This re-
mains true in the cardiovascular system in a fluid domain. How-
ever, if the Doppler sector contains two distinct flow chambers
with different flow patterns, velocity discontinuities may occur
and impede the DeAN process. Finally, a poor lateral resolution
may result in an imperfect segmentation and thus a deficient alias-
ing. Fig. 11 illustrates three failing cases (panels C) due to one or
several of these problematic conditions. For a better comparison,
the corresponding images that were dealiased manually (see Sec-
tion 4.3) are also shown (Fig. 11, panels B). Although it is some-
what straightforward for the experienced eye to detect the
aliased areas in almost all cases (see e.g. Fig. 11, panels 1.B and
3.B), one must be aware that the DeAN algorithm can lead to unre-
liable velocity fields in some particular circumstances.

According to Fig. 5, the DeAN works well with double aliasing
provided that the SNR is not abnormally low and the spatial reso-
lution remains high enough. Double or even triple aliasing can oc-
cur in aortic stenosis or mitral regurgitation. In those specific
pathologies, our experience showed that the DeAN in its present
form was unable to dealias correctly most of the Doppler velocities
in the flow jet. This was mainly due to a lack of lateral resolution
that hinders the segmentation and dealiasing steps of the DeAN.

To sum up, in order for the unsupervised DeAN to provide high-
quality outputs, the following conditions must be completed: (1)
no over-aliased Doppler field, (2) sufficient spatial resolution, (3)
absence of highly perturbed flow and (4) normal to good SNR.

5.3. Other applications

Besides its robustness and speed computing, the main advan-
tage of the DeAN over other regularizing techniques is that it does
not use any heuristic input parameters, which makes it totally ob-
server-independent. Although the current manuscript is entirely
dedicated to Doppler blood velocities, the DeAN could be immedi-
ately applied to tissue Doppler imaging. Myocardial strain rate
imaging by echocardiography indeed necessitates prior post-pro-
cessing of the Doppler data before operating the spatial differenti-
ations (Yip et al., 2003). Because the tissue velocities are much
lower than blood velocities, note that aliasing rarely occurs in tis-
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sue Doppler imaging. Therefore, only the smoothing process would
be of interest for myocardial strain rate imaging. Recently, color
M-mode has been used to estimate the left ventricular contractile
function by measuring the pressure gradients along the apex-aortic
valve axis (Yotti et al., 2004; Yotti et al., 2005). This method
requires spatial and temporal differentiations of the Doppler veloc-
ities and prior post-processing of the raw data. The DeAN could be
a tool of choice to make this new diagnostic technique observer-
independent. The DeAN could also be used for dealiasing and deno-
ising velocities issued from cine magnetic resonance imaging.
Indeed, like in echo-Doppler, MRI velocimetry is also subject to
aliasing, noise and outlying components (Elkins and Alley, 2007;
Fatouraee and Amini, 2003). Finally, because the DeAN is suitable
to higher dimensions (see Figs. 12 and 13), unsupervised dealiasing
and denoising of 3-D Doppler and MRI velocity data could be of
high interest for further clinical investigation.
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