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ABSTRACT

Recent advances in the real-time 3D full volume echocardiog-
raphy have enabled high frame rate acquisition of volumetric
color Doppler flow images. In this paper, we propose a fully
automated method for de-aliasing of color Doppler flow and
quantification of the cardiac flow using instantaneous 3D+t
ultrasound data. First, the anatomical information, such as
mitral annulus and left ventricle outflow tract (LVOT), are
detected and tracked automatically accounting for the heart
motion. 3D planes are constructed at the estimated mitral
annulus and LVOT locations to sample the color flow data.
To overcome inherent limitation of the color Doppler veloc-
ity ambiguity caused by the Nyquist velocity level, we for-
mulate the de-aliasing process in a conditional random field
(CRF) framework and introduce a global consistency poten-
tial to incorporate domain specific prior information based on
the instantaneous change in LV volume. Preliminary results
with clinical data presented here agree well with clinical mea-
surements in a quantitative manner. The proposed method is
efficient and achieves high speed performance of 0.2 second
per volume of ultrasound data.

Index Terms— Color Doppler, Cardiac Flow Quantifica-
tion, Conditional Random Fields, Learning-based Methods

1. INTRODUCTION

Valvular heart diseases are recognized as a significant cause
of morbidity and mortality. The quantification of cardiac flow
volumes in patients is essential in evaluation of the progres-
sion of the disease and in determination of clinical options.
However, accurate flow measurement remains a significant
challenge for cardiologists [1]. Doppler ultrasound is a non-
invasive and cost effective method for evaluation of intracar-
diac blood flow and for assessment of cardiac function. With
real-time full volume echocardiography it is now feasible to
acquire transthoracic 3D color flow imaging (CFI) for ev-
ery heartbeat (without stitching) such that both mitral valve
and LVOT can be covered by color Doppler region of inter-
est. However, flow velocity aliasing [2] remains a fundamen-
tal limitation which can introduce significant errors in flow
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quantification directly using color Doppler data. The velocity
ambiguity cannot be overcome just by ultrasound data espe-
cially when true velocity is several multiples of the Nyquist
level [3]. To address this issue, various approaches have been
proposed using customized hardware [4], and certain geomet-
ric or smoothness assumptions [5, 6, 7, 8, 9].

In this paper, we propose a fully automated method for
color Doppler velocity de-aliasing and cardiac flow vol-
ume quantification using instantaneous 3D+t ultrasound data.
More specifically, our method automatically detects both
the mitral annulus and left ventricular outflow tract (LVOT)
and places measurement planes at appropriate locations. To
compensate non-rigid heart motion, measurement planes are
tracked through the whole cardiac cycle to adjust the sam-
pling locations and orientations in each frame. Furthermore,
to recover the de-aliasing factor of the color Doppler flow
data, we formulate the de-aliasing process in a conditional
random field (CRF) framework [10, 11] and introduce a
global consistency potential [12] to incorporate a domain
specific prior information based on the instantaneous change
in LV volume. To demonstrate the performance, we evaluated
our method on a clinical dataset taken from 20 normal sub-
jects, with a quantitative comparison to magnetic resonance
imaging (MRI) flow measurements. The strong agreement to
the MRI measurements demonstrates the good performance
of our proposed method.

2. FRAMEWORK

In this section, we present the new framework to estimate 3D
volume of both the mitral inflow and LVOT outflow, which
includes the following main steps:

1. Automatic anatomy detection and tracking: The 3D
location of the left ventricle, including the ventricular
wall, the mitral annulus, and the left ventricular out-
flow tract (LVOT), is automatically detected in the first
frame and tracked in the subsequent frames using a
Bayesian approach [14] followed by mean-shift [15]
based local refinement.

ISBI 2012



e Automatic detection of LV, mitral annulus, and LVOT
locations X on the first frame using the marginal space
learning (MSL) approach [13]. Construct the sampling
planes V at the mitral annulus and LVOT on the first frame.

e Foreachframet=1,...,T — 1 (7 is total frame number)
Input: LV and sampling plane locations X;_; from the
previous frame ¢ — 1
Output: Estimated de-aliasing factor fl-(t)7 1 € V for each
sampling point and flow volume V' f;

1. Track LV and sampling plane locations X in frame t,

arg m@xp()?t|?0:t) = arg mgxp(?f, | X)p(X:[Yorr—1)
Xt Xt

where Yo.; = (ﬁ], .. ,1_/;) and X; = (@1, , Tn)
are the local features and the mesh point positions,
respectively, defined in Sec. 2.1. This is solved by the
optimization technique in [14] followed by a mean
shift algorithm [15] for local refinement.

2. for each sampling plane, estimate the de-aliasing factor
f,L-(t)7 ¢ € V for each sampling point by optimizing the
following energy function defined in Sec. 2.2,
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where o(f). w1 (/1" f}')), and wr (117, 15") are
the data, smoothness, and global preference terms
respectively, as defined in Sec. 2.2.

3. Compute the flow volume as
V= v f;g"’) * dAgt), where
{)Et) = vlm + vs fi(t) is the estimated velocity after
de-aliasing and dAEt) is the unit area of each sampling
point as illustrated in Fig. 1(c).

Algorithm 1: The outline of our automatic flow de-aliasing and quantifi-

cation algorithm.

2. Flow de-aliasing and quantification: To recover the
underlying velocity values from the aliased measure-
ments, a conditional random field (CRF) model is
built based on the flow sampling planes. Furthermore,
a global constraint from the LV volume change be-
tween neighboring frames is introduced to remove the
ambiguity of the de-aliasing factor estimation and con-
sequently to increase the robustness of cardiac flow
volume quantification using color Doppler images.

For clarity, the outline of our new algorithm is listed in Algo-
rithm 1.

2.1. Learning-based 3D model detection and tracking

In the starting frame (typically the end-diastole cardiac
phase), we detect automatically the endocardial boundary
of the left ventricle (LV), the mitral annulus, and the left
ventricular outflow tract (LVOT). A 3D detector is learned to
locate the pose, including the position X = (z,y, z), orien-
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Fig. 1. The anatomical model used to represent the left ventricle,

mitral annulus, and left ventricular outflow tract (LVOT). (a) and (b)
show the 3D model with sampling planes superimposed on the mitral
inflow and LVOT outflow, respectively. (c) illustrates the measure-
ment plane on a sphere centering at the tip of the ultrasound pyramid.

tation = (a, 3,7) and scale S = (s, sy, s,), of the LV
using the marginal space learning (MSL) approach [13]. The
local deformations of the mitral annulus, the LVOT, and the
ventricular wall boundary are further estimated based on the
posterior distribution p;(X|I) of each control point on the
surface, which is learned using the steerable features and the
probability boosting-tree (PBT) [16].

To represent the anatomical structure of the left ventricle,
the mitral annulus, and the left ventricular outflow tract, a 3D
mesh model is used in our system as illustrated in Fig. 1(a,b),
where the mitral annulus and LVOT sampling planes are high-
lighted in the yellow and blue color, respectively. Because of
the physical form of the 3D ultrasound pyramid, a plane in the
acoustic space with a constant distance to the transducer cor-
responds to a sphere in the Cartesian space, centering at the
tip of the pyramid as illustrated in Fig. 1(c). Therefore, the
sampling planes in our model are defined on a sphere passing
through the mitral annulus or the LVOT. To compute the vol-
ume of the mitral inflow and the LVOT outflow, we consider
the area enclosed by the mitral annulus and the LVOT ring, as
shown in Fig. 1(a,b).

Instead of detecting the above anatomical structure in-
dependently in each frame, a model-based tracking ap-
proach [14] is used to ensure temporal consistency and
smooth motion and to avoid drifting and outliers, by opti-
mizing the following Bayesian function

argrr;gxp(ftlﬁ):t) = argI%Xp(ﬁlft)p(it\%:m) (1
t t

where Yy, = ()707 . ,}7,5) are the measurements (including
local features and image templates) from the first ¢ frames
Io.s = (I1,...,I;). For clarity, we use Xt to denote a con-
catenation of the mesh point positions, X, = (@1, 2],
which need to be estimated at the current time instance ¢, and
n is the total number of points in the model.

Starting from the detection result at the initial frame, the
model deformations are propagated to neighboring frames us-
ing both the learned features and the local image templates.
Furthermore, based on the tracked mitral annulus and LVOT
locations obtained from Eqn. 1, a local refinement step is



added to place the measurement planes accurately using the
mean shift approach [15]. As a result, the flow volumes are
computed consistently based on the anatomical structure of
the left ventricle.

2.2. Flow de-aliasing using CRFs with global preferences
In color flow images, aliasing is a common issue which de-
scribes single or multiple exceeding of the color Doppler
Nyquist velocity, causing ambiguity for velocities beyond the
Nyquist level [3]. In this paper, we formulate the de-aliasing
process in a conditional random field framework and intro-
duce a global consistency potential to incorporate domain
specific prior information based on LV volume changes.

Given the color flow data vz(t)(i € V) sampled on the
measurement planes in Sec. 2.1, the goal is to recover the
de-aliasing factor fi(t) for each sampling point. Since fi(t)
is a non-negative integer (typically between 0 ~ 2) repre-
senting the number of aliasing transitions, this can be natu-
rally formulated as a conditional random field (CRF) model
G = (V,¢e), where the set V is used for indexing random vari-
ables associated with each sampling point vl(t), and ¢ is the set
of undirected edges representing compatibility relationships
between random variables. The de-aliasing factor fi(t) is the
corresponding label for each node or random variable. Thus
the energy function of graph G can be written as the sum of
the unary and smoothness potentials, respectively:

SToFN + ST w7 1Y) )
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where d)(fi(t)) is the unary data term and 1/)L(fi(t), f;t)) is the
smoothness potential. V' are the indices associated with each
sampling point and the set of local edges ¢, is the pairwise
connection between the local nodes.

However, there is an inherent ambiguity in the Eqn. 2 as
each label f; can choose an arbitrary number without a global
constraint, which might lead to an invalid flow volume. For-
tunately domain-specific knowledge can be leveraged to re-
move this ambiguity, as the LV volume change and the flow
volume measure the same amount of blood flow through the
left ventricle at certain time instance. Given the tracked LV
endocardial boundaries in the previous frame ¢ — 1 and the
current frame ¢, we can compute the corresponding LV cavity
volume as V;_1 and V; respectively, and therefore the LV vol-
ume change as dV; = V; — V;_1. Thus, the average number
of aliasing transitions can be computed as

dvi - fr

fg:tzidAi'Us

] 3

where fr is the frame rate, dAl(.t) is the area of each sampling
point, vy is the color Doppler Nyquist velocity. Please note
that f; is a discrete value as the floor function |- | returns the
largest non-negative integer not exceeding the value on the
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right-hand side. Consequently, Eqn. 2 can be augmented to
incorporate the global reference f, as follows,

Do)+ D il f)+ D valfifs) @)
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where ¥ (f;, fg) is the global consistency potential and the
set of global edges e connects the global latent node with
each of the local nodes. To simplify the notation we drop the
frame index (*) in Eqn. 4 and the reminder of this section.

Data Term: The data term ¢(f;) encodes agreement be-
tween a label f; and the color flow data v;. In this paper, we
model it as a Gaussian distribution

1 _(vi+vsfz‘*ui)2

e 207 (5)
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where vy is the color Doppler Nyquist velocity. The two pa-
rameters, j; and o; are learned from a training set. Fig. 2
shows an example of the mean flow velocity profile of mitral
inflow and LVOT outflow.

¢(fi) =

Fig. 2. An example of the average velocity profile for the mitral
inflow (a) and the LVOT outflow (b) from 10 subjects. (c) and (d) are
the computed standard deviation of the velocity values on the mitral
inflow and the LVOT outflow, respectively. The dark red color shows
high values while the light blue shows low values.

Spatial Term: The pair-wise term ¢z, (f;, f;) encourages the
spatial smoothness between neighboring nodes f; and f;. For
simplicity, we model it as a zero mean Gaussian distribution
as
AL B (f,-sg,»?
Vi(fi, [i) = ——==e 7 (6)

2mo; 7

where A7, is the weighting factor for the spatial term in [12].

Global Term: The global potential ¢ (f;, f4) enforces the
global consistency for each node. As shown in Eqn. 3, the
global preference f, is computed based on the LV cavity vol-
ume change which can be incorporated as follows,

Ao i fg)?

—E e @)
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where A\ is the weighting factor for the global term. The
weighting factors Az, and Ag for the spatial and global terms
can be learned from the training dataset by iterating a two-step
procedure until convergence as in [12].

3. EXPERIMENTAL RESULTS

To evaluate the performance of our method, a set of 3D+t
volume ultrasound sequences were acquired by a Siemens



SC2000 scanner with an average volume rate of 22 vps. 20
subjects with normal valves were enrolled with the IRB ap-
proval and were not included in our training set. Fig. 3 reports
the comparison between the flow volumes estimated by our
method and the phase-contrast (PC) flow measurements us-
ing magnetic resonance imaging (MRI). The correlation be-
tween estimated flow volumes and the MRI measurements
has a high score of 0.93, which demonstrates the accuracy
and robustness of our method.

ur method {mL)

Estimated LvOT autflow by o
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(a) Comparison to MRI measurement (¢) MRI magnitude and phase images

Fig. 3. Flow measure comparison on 20 normal patients. (a) The
horizontal axis shows the aortic flow volume measured by magnetic
resonance imaging (MRI). The vertical axis is the de-aliased LVOT
outflow based on the sampled color Doppler data by our method.
The estimated flow volumes are consistent with the MRI measure-
ments with a high correlation score of 0.93 (with an average differ-
ence of 1.0 ml), which demonstrates the accuracy and robustness of
our proposed method. (b) shows an example of the 3D and 2D views
of the volume color Doppler data. (c) shows an example of the mag-
nitude (left) and phase (right) of MRI LV short axis acquisitions.

4. CONCLUSION

In this paper, we present a fully automatic method for flow
de-aliasing and quantification on 3D real-time full volume
ultrasound data. A 3D model is fitted automatically, using
learned position and boundary detectors, to the left ventricle
(LV), the mitral annulus, and the LVOT to construct measure-
ment planes in a volumetric color Doppler image. To com-
pensate heart motion, especially on the measurement planes,
a model-based tracking approach is employed to propagate
the inter-frame deformation through the whole cardiac cy-
cle and to adjust the sampling locations and orientations in
each frame. Given the tracked 3D model, a new approach is
proposed to correct for aliasing in the color Doppler data us-
ing conditional random fields (CRFs). Furthermore, a global
constraint is introduced in the CRF framework based on the
LV volume change between two neighboring frames. Prelim-
inary results on clinical data showed good correlation with
MRI flow measurements. The proposed method is efficient
and achieves high speed performance of 0.2 second per frame
for volumetric ultrasound data.
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