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Abstract—The major obstacle of three-dimensional (3-D) = S 3 . =
echocardiography is that the ultrasound image quality is too low
to reliably detect features locally. Almost all available surface-
finding algorithms depend on decent quality boundaries to get
satisfactory surface models. We formulate the surface model
optimization problem in a Bayesian framework, such that the
inference made about a surface model is based on the integration
of both the low-level image evidence and the high-level prior shape
knowledge through a pixel class prediction mechanism. We model
the probability of pixel classes instead of making explicit decisions
about them. Therefore, we avoid the unreliable edge detection
or image segmentation problem and the pixel correspondence
problem. An optimal surface model best explains the observed
images such that the posterior probability of the surface model for
the observed images is maximized. The pixel feature vector as the
image evidence includes several parameters such as the smoothed
grayscale value and the minimal second directional derivative. Fig.1. An ultrasound image of the LV and surface model contours. (a) Short
Statistically, we describe the feature vector by the pixel appear- axis view. (b) Visible contour overlaid. (c) Complete contour overlaid.
ance probability model obtained by a nonparametric optimal
quantization technique. Qualitatively, we display the imaging ) ) ) ) )
plane intersections of the optimized surface models together with LV, from multiple-view two-dimensional (2-D) ultrasound im-
those of the ground-truth surfaces reconstructed from manual ages of the heart @&nd systoler end diastole During image
delineations. Quantitatlive'ly, we measure the projection distance acquisition, a Sonographer chooses mu|t|p|e appropriate posi_
error between the optimized and the ground-truth surfaces. In jong for the transducer; the 3-D spatial location and orientation

our experiment, we use 20 studies to obtain the probability models S . o .
offline. The prior shape knowledge is represented by a catalog of of the corresponding imaging planes are quantitatively obtained

86 left ventricle surface models. In another set of 25 test studies, Using a magnetic field tracking device [1]. Imaging planes from
the average epicardial and endocardial surface projection distance different views may not be parallel and can intersect each other

@) (b) (©

errors are 3.2+ 0.85 mm and 2.6+ 0.78 mm, respectively. at quite arbitrary angles. A fairly good-quality ultrasound image
Index Terms—Echocardiography, image analysis, image shape Of the heart is shown in Fig. 1(a). The low image quality is due
analysis, surface reconstruction. to artifacts such as strong speckle noises, image dropout, low

image resolution, and fast moving small structures of the heart.
When examining an echocardiographic image, doctors or
sonographers register the image with a mental picture of a
LTRASOUND imaging is done in real time, making itgeneric LV. If they want to do quantitative analysis of the LV
more suitable for cardiology than other imaging modafor clinical research, they will draw some borders on the images
ities such as magnetic resonance imaging. It is preferable algere they think the endocardial or epicardial boundaries are
because the equipment is portable, safe, and noninvasive. @i#st likely to occur, according to both the image and their
goal is to create a three-dimensional (3-D) left ventricle (LVaxperience of the LV shape. They can further build a specific
surface model, including trepicardium(EPI), the outer surface 3-D surface model of the LV with these borders.
Of the LV, and thEBndocardiurI(ENDO), the innersurface Of the Many previous approaches to automated Surface mode"ng
have used a two-stage or an iterative two-stage strategy: isolated
Manuscript received December 2, 2001; revised July 6, 286®risk indi- feature detection and model fitting stages. They do not mimic
Caiﬁﬂs gorrespongir:ﬁ agthor-t fofC orsai Coll C_the human reasoning process in guiding the low-level feature
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segmentation nor edge detectidmased on local image opera-for the LV surface. The data are manually labeled 3-D points.
tion. We assign each pixel a class probability profile instead ®he prototype mesh model is freely deformed to fit the 3-D
an exclusive class label. We prove the optimality of the intgoints, sparser than the data in Hoppe’s experiments. The prior
grated approach by a surface inference theorem. The integraibdpe knowledge is employed in the offline model creation. So
approach seeks a 3-D surface model that has the greatest gus-application of the prior shape knowledge is weak, and the
terior probability for the observed images. The posterior probaccuracy of the optimization relies on the quality of the manu-
bility of a surface model is in proportion to its prior probabilityally extracted and labeled 3-D points.

and its probability of producing the given images.

A catalog of known surface models and other user input iB- Surface Modeling From Sparse and Very Noisy Data
formation determines the prior probability of a surface model. when the data are sparse and very noisy, prior shape knowl-
The catalog represents admissible shapes and generates nevggigle comes into play. The local smoothness can often be mod-
face models by combining its members. The surface appearagg) using splines. Kast al.[7] propose a 2-D snakes model.
probability is the summation of the product between the pixgihajanaet al. [8] sweep the 2-D snakes model along the time
appearance and pixel class prediction probabilities. We modgs to track the 2-D contour of LV in a sequence of images.
the pixel appearance probability by a nonparametric optimalpe to their simplicity, there is a wide range of work on para-
quantization technique [2]. The pixel class prediction procegsutric shape models. In 2-D, ellipses or elliptical arcs are the
has a physical simulation part and a pixel class prediction probigst used shape model [9][11]. In 3-D, the cylinder, ellipsoid,
ability modeling part. We obtain the pixel appearance and C|3§i§c, or some of their combinations are the most commonly
prediction probability models offline using a generalized eXpeﬁdopted shape models. Brinkley [12] slightly deforms spheres

tation maximization algorithm. to model organs. Stettest al. [13], [14] model the LV in 3-D

Our integrated surface optimization approach is designedvyﬂh a combination model of a half-sphere, a cylinder, and a

handle problems where the image quality is low and the pri [ab. The more complex superquadrics model is proposed by

shape knowledge is important, as in 3-D echocardiography. &ntland [15], with which Solina and Bajcsy [16] approximate

performed an experiment on 20 training and 25 test clinicglD objects and Bardinet al.[17] and Parlet al. [18] model
studies. The results on the test set showed an average epi&]ag—l_v

dial surface projec'tion distance error of3{:.20.85 mm and an Sin(;e these parametric models are not complex enough
average endocardial surface projection distance error &2'6todcapture the shape concept of all natural objects, further

0.78 mm. The error was measured between the optimized 3fEe-form deformation of these models after their initial fit to
the ground-truth surfaces.

Thi paper s rgaize s folous. e review the el 415 1IN be necessary. Hovever e e deforna:

work of surface model optimization in Section Il. We discus no an tfa'nt on the free form deforr?qat"on or the constraint

the integrated approach in Section Ill. We describe how we rep- stra me : ! straints
nnot be summarized systematically.

resent the LV and its prior shape knowledge in Section IV. Statistical sh del both sh lexi d
give the algorithm for joint estimation of the pixel appearance tatistical shape models capture both shape complexity an

and class prediction probability models in Section V. We preseYﬁriationS' avoiding the variance of the unconstrained free-form
eformation. They can represent any plausible shape within the

the LV surface model optimization algorithms in Section VI. wd e R L
report the LV optimization results in Section VII. We conclud&onstraints imposed by the variability in the training set. Based
the integrated approach in Section VIIl. on Brinkley’s [19] radial contour model, Altman and Brinkley

[20] use a multivariate normal distribution to model the radial
distances from a center point to the contour. Coeted. [21],
22] first suggest the 2-D active shape model, representing a
Previous methods on surface reconstruction include those épfape with a vector composed by a set of landmark points and
noise-free or very low-noise image data and those for sparse &ftdrpolated points. They capture the shape variability by the
noisy image data. We treat manually proces;ed dataas |0an(?i|%,<% several principal components of the shape vectors. They
data. Eranget al.[3] provide an extensive review on 3-D cardiag, ze applied active shape models in face recognition, finger
modeling. finding, and 2-D LV contour detection from ultrasound images.
They extend their statistical shape modeling work in [23]. Blake
and Isard [24], [25] design the 2-D active contour models, which
Hoppeet al. [4]-[6] report a surface reconstruction methocre similar to the active shape models. They do not use the
for dense and low-noise data. Their method creates an initighdmark points directly to represent a shape. Instead, they fit
triangular mesh model from 3-D unorganized points directiplines to the 2-D shape contour and use the control points of
and then optimizes the mesh model by its goodness of fit fige splines to represent the shape, so that the shape vector is
the data and the local smoothness. The final mesh model |ﬁ]qhe Sp“ne space. Hence, their model incorpora’[es both the
piecewise smooth representation of the target surface basedqial smoothness constraint and the global shape information.
subdivision. Leggett al.[1] modify Hoppe’'s method and apply jacotet al.[26] apply the active contour model in tracking 2-D
itin 3-D reconstruction of the LV from multiple-view 2-D ultra- heart contours in echocardiographic sequences. Extending the
sound heartimages. They build a prototype mesh model offlinep statistical shape models of Cootsal. into 3-D, Caunce

1In accordance with usage in the image-processing literature, edge detec%hd Taylor_[27] Cre_ate a 3-D pOint diStrinUtion model to rep-
means making a definite yes/no decision as to whether a pixel is an edge. resent cortical sulci. Lorenz and Krahnstover [28] attempt the

Il. RELATED WORK

A. Surface Modeling From Low-Noise Data
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point-based 3-D statistical shape models for anatomical objecatdhere® is the surface modeg, is the feature vector of a pixel,
Adifficulty in these 3-D point-based approaches is the point cop{©|2) is the posterior probability o® given Z, p(0©) is the
respondence problem. Different approaches to solving the pgimtor probability of surface modéb, andp(Z|0) is the condi-
correspondence problem are summarized in [27]. Hwatrd.  tional probability of observed feature vectdrgiven a surface
[29] investigate a distance transform neural-network-based 3aibdel ©. We also callp(Z]0) the surface appearance model,
left ventricle recognition framework. Statistical shape-modelingpresenting the overall imaging system behavior.

methods based on landmarks are proposed in [30] and [31], buThe prior probabilityy(©) can be assessed in ways depending
they are mainly concerned with shape analysis rather than supon the application. For a surface model, it can be prior prob-

face reconstruction. ability characterizing smoothness, or the shape of the objects,
or simply some user input points(7) is the probability of ob-
C. Fitting Shape Models to Image Data serving a particular feature vectgr the knowledge of which is

Usually the data given for object reconstruction are not poirf§ly necessary when the exact posterior probability is desired.
on the object surface, but images of the object. Naturally, pixéithough theoretically/(Z|©) can be computed, the task is dif-
on the surface are first detected from the images. The m#stlt because of the many degrees of freedom of the observed
used feature detectors are gradient-based edge detectors, ©ure vectors.

Canny’s edge detector [32] and the facet model edge detectof© avoid the direct computation ¢i(Z|0), the degrees of
[33]. A shape model is then fitted to the detected points. In tHigeedom of the feature vectdf can be reduced by assigning
approach, the feature detection and the model fitting are sepach pixel a class label, denoting whether the pixel is visibly
rated. The shape knowledge has no impact on the feature deteeated on a certain surface. This process is known as feature
tion phase. Coppirét al.[34] describe a neural-network-basedletection. We us# to denote the class label of a pixel. If we
two-stage approach. Chakrabogtal. [35] integrate the gra- can detect the class labels for all the pixels, we can search for a
dient and region information for pixel classification. The regiosurface mode®* that best fits the class labels, instead of best
information is modeled by Markov random fields with no shapfiting the original images. These two stages—feature detection
statistics applied. and model fitting—abstract almost all previous work, which is

Methods to reconstruct a particular shape model from lowummarized as Algorithm2 P(Y|7) is the posterior of a class
quality images with the guidance of shape statistics have nabelY given the feature vectdf. p(Z|Y) is the likelihood of
made much progress beyond the two-stage approach of featheeclass labeYl” for the feature vectof . p(©|Y) is the poste-
detection and model fitting. The framework for snakes or activipr of the model surfacé given the class labél. P(Y|0©) is
contour models does blend the two stages without feature detge: likelihood of the surface modél for the class labeY . Di-
tion, but it lacks a systematic way of training because they afgct computation op(Z|0) is avoided here. Instead, estimates
not formulated in a probabilistic framework. of p(Z|Y) and P(Y|©) are needed, as well as the prid?sy)

Cooteset al. [21], [22] model image pixels by the statisticalandy(©). This two-stage approach does not fall into an overall
active appearance models. They combine the active appearggggesian framework. If we can detect the class labéom the
models and the active shape models to find the best 2-D c@gature vecto# with good confidence, the two-stage approach
tour from images. Pixel classification decisions are still madgi|| work. Otherwise, if we have to detect features on fuzzy im-

but might change during the model fitting iterations. This ity es, the two-stage framework does not yield an optimal surface
erative classification scheme allows shape statistics to guigie\jel pecause the detected class IaFels unreliable.

the local feature detection. Montagredtal. [36] deform their
3-D mesh model to nearby voxels that are most likely to be g .
the boundary. As far as we have found in the literature, on{-\pgtic;rr\ Iitzh;iorf Two-stage surface model

Mignotte and Meunier [37] have explored the idea of 2-D car- : . . .

diac contour tracking from images in a probabilistic frameworkStage 1. Feature detection. Find Y™ that

without an explicit feature detection stage. solves

Ill. THE INTEGRATED APPROACH TOSURFACE max P(Y|Z) o« max P(Y)p(Z|Y).
MODEL OPTIMIZATION Y !

Given the observed images, what is the surface model th&t?ge 2. Model fitting. Find ©* that
best explains these images? Owing to the noise in the imagin%? Ves
process, every possible solution has an associated uncertainty.
If we assign every solution a probability, then the best solution oly* O\P (Y*|©
has the maximum probability given the observed images. We mgXp( V") o maxp(®) P (Y7]0).
use the Bayesian framework to formulate the surface model op-

timization problem, because itis the unique consistent induction ] ]
framework under the Cox-Jaynes axioms [38], [39] The integrated approach that we have developed avoids
making exclusive class label decisions for each pixel by

p(©)p(£]6)

(Z) o maxp(@))p(Z|®) 2We usep(+) to represent probability density function af-) to represent
p

H%LXP((NZ) - m(g’x probability mass function.
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integrating the two stages into one. We will not assign a cladgional probability density functiop(Z|Y") the pixel appear-
label to each pixel, but will profile each pixel by probabilitiesance(PixApp) probability model becaug¢Z|Y") depicts prob-

of having different class labels. abilistically the appearance of a pixel for the class label
The interpretation behind the integrated approach is as fol-
A. The Integrated Approach lows. An image pixel with feature vectdf is assigned a likeli-

In the integrated framework, we still introduce the class labBpod profilep(Z]Y") of being from different classés. Another
Y to avoid the direct offline estimation and online computatiofl@ss probabilityP(Y'|©) profile is predicted from a model.
of p(Z|®). A class label is not actually directly observable, bufvhen the likelihood profileP(Y|Z) and the predicted class
serves as a hidden bridge between the feature véctord the Probability profile P(Y'|©) match well, the surface model that
surface mode®, by marking each pixel to be either on or off denerates the predicted class probability profile is a good expla-
certain surface model. nation of the images.

Before we proceed, consider a scenario of surface reconstrucl he work of Mignotte and Meunier [37] follows the principle
tion. If somehow the class label of each pixel is already knowff the integrated approach. However, they explain their idea in-
the feature vector would not provide more information in thilitively without deriving (4), and their formulation uses a pre-
inference about the surface mod#! Therefore, we make the Scribed simple distribution foP(Y'|©).

following assumption: B. The Pixel Appearance Probability Model

p(O|Z,Y) = p(@lY) (# p(©]2)) 1) The appearance of a pixel is de_fined by !ts Igcal information,
such as intensity, contrast, directional derivatives, etc. The ap-
pearance of a pixel is a result of the structure type at the pixel lo-
cation and the imaging process; it is not strictly a function of the
structure types. Fig. 1(a) shows the ultrasound image of the LV,
and Fig. 1(b) shows the same image with the visible boundary
overlaid. Fig. 1(c) overlays the complete contour of the under-
lying surface model on the original image. It is quite obvious
that the pixels on the underlying surface contour do not have

implying that the surface modél and the feature vectdf are
conditional independent given the class label

Theorem 1—Integrated Surface Inferend#fith the assump-
tionp(0|Z,Y) = p(B|Y), the posterior probability of a surface
model©® given the observed feature vectércan be written as
the summation form

@) K uniform appearance everywhere: some pixels are bright with
p(©|7Z) = ne) Z P(Y =y|O)p(Z|Y =y) (2) high contrast, while others do not differ too much with the back-
p(Z) y=1 ground. The background pixels also have variable appearance.
In ultrasound images, signals arriving at an interface between
whereK is the total number of classes. media with different acoustic impedance produce strong echo
Proof: By properties of probability and assumption when the angle of incidence is near perpendicular; signals ar-
riving at an interface at near tangential angles produce very
p(0]7) = ZP(G’ Y =y|7%) weak echo. Thus the image intensity and its spatial variation are
Y important. We fit a cubic facet model [33] to the pixel intensities
_ Zp(®|y — 4, Z)P(Y = y|7) in a local window centered at each pixel. With the facet, a sur-
” o ’ face patch in 3-D, we are able to analytically derive all first- and
p(Z|Y = y)P(Y =) second-order derivatives. The derivatives carry spatial variation
=Y pO)y =y information. Based on these considerations, each pixel feature

p(Z) vector contains:
_p(©) S P(Y = y0)p(Z]Y =), 3) 1) the spatially and temporally smoothed pixel intensity
y

Y

p(Z) value, capturing absolute strength of echo signals;
2) the third-order facet model approximation of the pixel

[ | intensity value, using a larger spatial window than feature
The integrated surface inference theorem leads tantee 1), giving the absolute strength of echo signals but on a
grated approach of surface model optimization larger scale;
3) the directional derivative along the gradient direction,
©* = arg maxep(©) Z P(Y =y|®O)p(Z]Y =y) (4) providing a local measure of edginess;
” 4) the minimum second directional derivative, among
second derivatives along all directions, indicating relative
where ©* is an optimal surface model. Evidently from the strength of echo signals;
second line in (3), the two-stage approach is a special case ob) the directional derivative from a point inside the LV, to
the integrated approachM(Y'|Z) is an impulse function oY . help distinguish ENDO and EPI surfaces. The inner point
We call the conditional probability mass functi®{Y'|©) the is derived from user input points.

pixel class predictiorfPicPre) probability model, emphasizing

the PhYS_'C_a' meaning that the class labelcan be predicted tures work well, but it is possible that other features might produce even better
probabilistically from a given surface model We call the con- results with our approach.

In this paper, we concentrate on integrated optimization. The selected fea-
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For feature 1), we used a 3-D median filter with a window (RIS
5 pixels x 5 pixels x 5 frames. For features 2) to 5), we used
facet window of 21 pixels 21 pixels. For feature 5), we used
3-D median filter with a window of 17 pixelg 17 pixelsx 17
frames. Examples of the feature vector maps are shown in Fig

The PixApp probability model describes the pixel appearan
uncertainty for a given pixel class. We design a nonparamet
optimal quantization technique [2] to characterize the pixel a
pearance probability mode{Z|Y"). Nonparametric models are
known to have less modeling biases than parametric moddgge
Nonparametric models typically require large sample size to
duce both the bias and the variance. Since the modelY")
is pixel based, it is not an issue to have enough samples. But (@)
the major concern is CPU cycles. Standard nonparametric g
proaches, such as kernel methods, store all samples and r
quadratic time in sample size. For a multivariate sample of si
on the order of millions—an easy thing for image pixels—th
online computation of kernel methods is formidable. We use t
much more efficient grid model to represeittZ|Y'). The ap-
pearance space is optimally quantized into cells in the followi
senses: 1) the partition of the space is compact and statistic
efficient by adapting to the data; 2) the density estimate of ea
cell is optimally smoothed to control its variance.

C. Pixel Class Prediction

Pixel class prediction associates every pixel on an imaging d © 0
plane with some physical properties of a given surface model o
and its environment. Pixel class prediction and plgs_sificatipn_eﬁ’r girfél irizzgr?b;ﬁ?gsmea’g;ag]fetﬂef;ﬁ/rg ftgaetfrz?ﬁema' long-axis view. (a) The
fundamentally different. We denote the deterministic prediction
byY'|©, where each pixel has an exclusive class assignment. We .
represent the probabilistic prediction by the conditional prole-a_‘t?d image can be fpund by the dlsta.nlce traqsform [33,]’ [42]
bility P(Y'|©). The class probability profile provides a soft clas§iciently. Then the pixel class probability profilé(Y'|©) is
prediction, allowing a more precise relation between a pixel aRgedicted by probability modeling.

its predicted class to be captured. When a 3-D surface modePUring the imaging process, a point on the surface may be
maps to a 2-D image, two phenomena occur: 1) a 3-D pointt@nsformed to a pixel looking more like the background; a point

transformed to a 2-D pixel location and 2) the physical pm[S)_ffthe surface may be transformed to a pixel as if on the surface.

erties of the 3-D point yield a 2-D pixel intensity. The physl_nstead of predicting that a pixel coming from a point on surface

ical simulation predicts images by functional modeling of thé Must have label, the probabilistic model allows variation.
imaging system. In [40] and [41], we have implemented an (f\ Off-surface 3-D point closer to an on-surface 3-D point may
trasound imaging simulation system to synthesize echocardfPear as a 2-D pixel with similar location and intensity with
graphic images from a 3-D surface model of the LV. The simul1€ type of the 2-D on-surface pixel. An off-surface point that
tion software is capable of performing backscattering, atten}S @ stronger on-surface neighbor point is more likely to ap-
tion, and reflection, implemented by a ray-tracing algorithm. [R€2r @s a pixel thatis similar to the type of the neighbor on-sur-
this paper, we only simulate reflections, since our purpose isffH:e pixel. Therefore, we use the following intensity exponential

predict the systematic image dropout rather than the stochadffcay model:
behavior of the speckle noise. The dropout is mostly due to weak

reflection at interfaces. The randomness is accounted for in the ,fflf)eﬂ”d(y) . y=12...,K—-1
PixPre and PixApp probability models. B+ > I(k)e k)
Let classes 1 td(—1 correspond to the surfaces in the surP(Y = y|0) = =y
face model. An additional class labels the background. For K1 , y=K
an LV surface modelk = 3, and 1, 2, and 3 correspond to EP]I, 5*; T(kye= )
ENDO, and background respectively. The distance from a pixel - (5)

p 1o its closest clasg-neighbor pixely on the simulated image where A is a nonnegative parameter that controls the rate of
is denoted byi(y). The intensity of the neighbor pixelis de- decay,\1, A2, ..., Ax_1 control the rate of decay for different
noted byI(y). The overall probabilistic prediction is shown inclasses, and is a nonnegative parameter that corresponds to the
Fig. 3. A physical simulation produces simulated images fromsérength of a pixel’s being the backgroumfik) is the distance
surface mode®. d(y) and(y) of each pixel location in a sim- from the pixel to its closest clagsneighbor pixel.
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Surface model | Physical | simylated | Distance | () [Probability S:liﬂiii;
o images | transform | /(¥ modeling | profile p (¥ |©)

simulation

Fig. 3. Probabilistic pixel class prediction.

IV. LEFT VENTRICLE SURFACE MODELS AND THE PRIOR
SHAPE KNOWLEDGE 30

Epicardial and endocardial surfaces are each represented 2 _|
triangular mesh model, which is capable of capturing irregul
shapes better than a parametric model. A triangular meshma 10
of the LV is shown in Fig. 4.

We model the prior probability of mesh surface models & °~
a hybrid approach. A catalog of 86 LV models was establish
by reconstructions from the manual delineations on ultrasou
images. The members in the catalog are representatives of |
sible surface models and span a subspace in the full surfi ™7
model space. New models not in the catalog are approxima
by convex combinations of the surface models in the catalc
The catalog is a geometric representation of the prior knowled 4 _|
about surface model shapes. The vertices of the mesh models
ordered according to their anatomical position. 50 .

An explicit prior probability can be formed by some use
input points. There are two types: landmark points and surfa -
points. Landmark points are usually special geometric poir
that can be identified with small variance. Landmark points m: e
or may not be on a surface. For example, the center of ther  2°
tral valve is a landmark point. For the LV models in the catalc
developed for this study, every surface model has the same
of landmarks, and there is a one-to-one relation between lai
marks of one surface model and those of another. Surface po X
are located on surfaces, but there is no correspondence betw....
surface points on one surface and those on another. For examgle, A triangular mesh surface model of the LV.
any point actually located on the ENDO surface is a surface

point. In our work, the user inputs three landmark points: thg Joint Estimation of PixApp and PicPre Probability Models
apex on ENDO, centers of the mitral and aortic valves, and four

ENDO surface pomts, apprOXIrnat-er equally distributed arour&ijrate and consistent estimationpg¥ |©). To understand the
the LY contqur in the short—ams VIew. ) ._probability estimation in the integrated framework, it is neces-
Owing to Image quality and human_factors, user mpult pomE%ry to discuss briefly the estimation problem in the two-stage
havg uncertamtymthemsglyes. User input landmark points m&‘éfproach. In the feature detection of the two-stage approach,
deviate frgm the true positions randomly. The surface poini§s class conditional probability of feature given claég|Y’)
may not sit exactly on the true surfaces. For the known surfaggsed. For a givest, the label” maximizingp( Z|Y) is found.
models, we gather the distance error statistics for these two typRsvever, the class label is not observed data. In the surface
of user input points and create parametric probability modelsjigconstruction stage, the PicPre probability maBeY |0) is
represent the uncertainty. used. Using the class labels and known surface moB€Is|©)
can be estimated. The only problem with these two-stage esti-
V. PIXAPP AND PICPRE PROBABILITY MODEL ESTIMATION mations is that the uncertainty of class labehs described by
P(Y'|©) is not taken into account in the estimationpg#|Y"),
Since the class labé is not directly observable, optimal es-which can degrade the performance seriously when the uncer-
timation of the PicPre probability model has to interact with thgiinty of class labels for given surface models is prominent.
estimation of the PixApp probability model in the integrated |n the integrated framework, we still need to estimate the
framework. To get the overall optimal probability models, weicPre P(Y'|©) and the PixAppp(Z|Y) probability models.
solve the simultaneous estimation of the PixApp and PicPrpwever, we do not have to make a decision on the class label
probability models by a generalized expectation maximizatidn of each pixel because every possibility Bfis considered.
(EM) algorithm. Since we have decided thB(Y|©) is a parametric model and

=30

70

In the offline training phase, the overall goal is to make an ac-
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p(Z|Y) is a nonparametric model, the overall mog¢F|©)  |Tminingimage sequences| [Ground-truth surface models|
is a hybrid model. On one hand, maximum likelihood estim:
tion for p(Z|®) requires joint estimation of the PixApp and the Noise reduction & —
. I It
PicPre probability models. On the other hand, joint estimatic feature extraction @@
of a hybrid model poses a computational challenge.
Although it is typically a solution to maximum-likelihood pa- Simulated images ——
Optimal -
form. The EM algorithm has long been used in medical imagir @@*
[43], [44]. The missing or hidden variable is precisely the intg
gral variable. Whether the target density is parametric, nonpa PixApp PicPre
metric, or hybrid will affect neither the applicability nor the con prob. maps prob. maps
sitiesp(Z|©) (not over all possibl®). Whenp(Z|0©) is written
as the integrated forny, is the missing or hidden variable. In-
st_ead of maximi_zingi_)[logp(Z|®)], the EM algorithm ma_lxi- PiApD
mizes an approximation &[log p(Y, Z|0)] overp(Y, Z|©) in prob. model

rameter estimation with missing or hidden variables, the EM 4
vergence of the EM algorithm. In the integrated model, the gg
Cal. pixel
class prob.
its iterations. The sense of the EM algorithm lies in that ma
Find an optimal
quantization

PicPre
prob. model

PicPre parameter
estimation

gorithm performs on densities that can be written in an integ
is to maximizeE[log p(Z|©)] over all possible probability den-
imization of E[log p(Y, Z|0)] is substantially computationally
easier than that di[log p(Z|9)].

Evidently, p(0]|Z,Y) = p(©]Y) implies p(Z]Y,0)

Pixel class
probability

p(Z|Y). Therefore,p(Y,Z|®) = P(Y|0)p(Z]Y,0) = Fig. 5. Estimation of PixApp and PicPre probability models.
P(Y|©)p(Z]Y). Hence
max E,. [logp(Y,Z|0)] When the M-step returns a suboptimal solution that does not
p(Y,Z1©) decrease,, (p(Y, Z|©)), the algorithm is known as a general-
= max E. [logP(Y|O)]+ E, [logp(Z]Y)] ized EM algorithm. Itis shown in [45] that both the original and
r(¥:210) the generalized EM algorithms increase the targeted expected
= Jhax Er, [log P(Y[O)] + Jnax Er, [logp(Z]Y)]  |og likelihood E[log p(Z|©)] monotonically.

(6) The Estimate-Integrated-Model algorithm differs from the
two-stage estimation solution in (7). In the two-stage approach,
which is the maximization step of the EM algorithm. Thevery pixel is assigned a unique class lapekequivalent to
M-step has been separated into two independent optimizatigsttingr,,, (Y |Z,0) = §(Y — y). Here,r,,(Y|Z, ©) signifies
problems. One is the parametric estimation of the PicPre prahe probability profile of class labels for given images and
ability model, and the other is the nonparametric estimatigurface model. In addition, the Estimate-Integrated-Model
of the PixApp probability model. Replacing(Y,Z|©) by algorithm iterates across the two steps, while the two-stage

P(Y|0)p(Z]Y), we give Algorithm 2. approach does them only once. Fig. 5 gives a more concrete
description of Algorithm 2 to explain how to obtain the PixApp
Algorithm 2 Estimate-Integrated-Model and the PicPre probability models.
Initialization:

B. PixApp Probability Model Estimation
One of the two expectations to be maximized in the M-step

Py(Y|©) and po(Z]Y). is E[logp(Z]Y)]. The expectation is with respect to both
Y and Z. However, the unknown conditional probability
Iteration: P(Y|Z,0) is replaced by an approximatiar{Y | Z, ©). Hence
1)E-step E.[logp(Z|Y)] can be written as

K

P, (Y[0)pn(Z]Y) E, [log p(Z|Y)] = / p(210) S 7(Y = K|z, 0)

O =y ez = 7 =i
k logp(z]Y = k)dz. (12)
om(P(Y]0)) =B, [log P(Y]0)] (8) By taking sample average log likelihood as the expected one
2) M-step L= 7 (yn = klzn,0)logp (znlyn = k). (13)

n=1 k=1
Thus maximization oE . [log p(Z|Y')] is approximated by that
Pni1(Y]0) =argmaxp(yjo)dm (P(Y[0))  (10) of . As Z is usually a continuous vectqs(Z|Y) is a proba-
pm+1(Z]Y) =arg max, zyy¥m (p(Z]Y)) - (11) bility density function conditioned on the discrete variable
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We introduce an optimal quantization technique to find
p(Z|Y). Optimal guantization partitions the space into cells,

such that they give a compact representation of the feature {41

vectorZ. The pattern formed by the cells maximizes a quantizer
performance measure that is the summation of the weighted log 1.2}
likelihood and the entropy. The optimal quantization approach
easily incorporates the class weights of each datum by allowing 17
fractional sample size. Entropy insures the consistency of the

density estimates. Otherwise, the estimated density would be a®8[

function of superimposed impulses, which will give the poorest

performance on unseen data not in the training set. The final |

density estimate of each cell for a given class is a nonzero
guantity obtained by smoothing the empirical density of each
cell. We assign every cell with some nonzero density estimate g»|
by smoothing with a control parameter optimized by cross-val-

0.4}
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Probability density function p(x(1))

EPI pixel class

- ENDO pixel class

Background pixel class

idation. Although smoothing also maintains the consistency of 0
the density estimates, its effect cannot be achieved by the mere ~
usage of entropy. Once they are estimated, the density functions
are stored in a grid. With a properly chosen cell shape, the grid
can be retrieved much more efficiently than for other standard 16
nonparametric methods. While it is true that nonparametric
methods always benefit from larger sample size, there is an 4|
important property that is unique to optimal quantization that
the performance can always improve with more quantization 1.2}
levels.
For a pixel in an ultrasound image of the heart, the original T
feature vectorZ has five dimensions. We reduc¢g to a 3-D
vector X by taking the first three principal components of
We actually perform optimal quantization on instead ofZ.
We show the one-dimensional (1-D) and 2-D marginal densi-
ties of the 3-D PixApp probability densitigg X |Y) in Figs. 6 04l
and 7, respectively. Class&s= 1,2, 3 represent EPI, ENDO,
and background pixels, respectively. Fig. 8 shows three classo.2t
PixApp probability maps of a given image, obtained with the

0.8

probability density function p(x(2))

rrrrr EPI pixel class
= ENDO pixel class
- = Background pixel class

estimated PixApp probability model. S & oL 0 > 4 5 5
x(2)
C. PicPre Probability Model Estimation (b)
The other expectation to be maximized in the M-step is Probability density function p(x(3))
E.[log P(Y|©)]. The expectation is on botd andY’, where 167 .
Z is implicitly expressed inr(Y'|Z,0). E [log P(Y|9)] is L EPl oixel class
an estimate ofE[log P(Y|©)] with P(Y|Z,0) replaced by 147 Co e
7(Y|Z,©). Therefore, we have ~ ENDO pixel class
121 = = Background pixel class
K
. flog P(YIO)] = [ p(:10) Y. n(Y = Kz, €) 1|
* k=1
log P(Y = k|©).dz (14) 081
We can further obtain an estimate Bf; [log P(Y'|©)] by the 0.67
average log likelihood of the sample, that is
N K 041 Py
L= N;;mn = klzn, ©)log P (yn = k). (15) oz} § o
’ ) . ) 0 m!!'“,.’ -;;;:1_'<~
Hence the maximization oE.[log P(Y'|0)] reduces to the 8 6 -4 -2 0 ° 4 6 8
maximization of the weighted log likelihood. As we have x(3)

defined P(Y'|©) by a parametric model previously, we solve

(©

the nonlinear optimization prObIem by the Broyden_FletCheh’g. 6. One-dimensional marginal densities of estimated PixApp probability

Goldfarb—Shanno (BFGS) [46] method. The BFGS methagbdel.
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EPI probability as a function of location
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Fig. 9. The estimated PicPre probability model.
xm 0 o
Fig. 10(d) and (e) shows the intensity maps of the closest on-sur-
face pixels. We apply the estimated PicPre probability model on
2 the distance and intensity maps, and display the PicPre proba-
| -2 f 2 -2 x° 2 bility maps in Fig. 10(f)—(h).

(c)
Fig. 7. Two-dimensional marginal densities of estimated PixApp probability
model. (a) EPI. (b) ENDO. (c) Background. The goal of surface model optimization is to find an optimal
surface mode®* that maximizes its posterior probability given
all observedimages. We uge, Z,, . .., Zy torepresentthe fea-
ture vectors, each corresponding to a piRéls the total number
of pixels. The optimization problem can be formulated as

VI. LEFT VENTRICLE SURFACE MODEL OPTIMIZATION

O|Z1,Zs,...,ZN)=
mgxp( |Z1,Z2,...,2ZN) max p(Z1,25,...,2N)

Z1,7Zs, ..., ZNn themselves are not independent, but strongly
statistically related. However, it is reasonable to assume that
Z1,2Zs,...,Zy are statistically independent conditioned upon

a given surface modé. The interpretation is that given the sur-
face modelo, the feature vector of a pixel has no impact on
the feature vector of another pixglstatistically. Applying the

b c . .
®) © integrated surface inference theorem, the problem becomes
Fig. 8. PixApp probability maps of apical four chamber view. (a)—(c) are

for EPI (p(Z|1)), ENDO (p(Z|2)), and Backgroundp(Z|3)) PixApp maps,
respectively. Probabilities are mapped to pixel intensities with histogram (@) HN
equalization. p n=1

M=

p(Zn|Yn = k)P(Yn = k|®)
k

1
max 17
© (Z1,Z2,...,ZN) (17)

hS!

uDdateS the HeSS|ar_1 maF”X by adding a rank-two d|fferen(]:% simplify the notation, we us&'(0) to denote the objective
matrix during every iteration and guarantees that the approx.

imated Hessian matrix is positive definite for minimizationuncuon' Conceptually, this is an unconstrained optimization

problems. The major steps include finding the Newton sear Boblem. But considering the implicit prior probability model
direction .the line search, and the Hessian update expressed in the surface model catalog, we still need to modify

Fig. 9 shows the estimated PicPre probability model. F(0). Since® comes from the linear combinations of the mem-

Fig. 10illustrates the process of pixel class prediction. We OB?rs in the catalog, we can writas
tain a simulated image shown in Fig. 10(a) through ultrasound M
imaging simulation. Then we compute the distance transform of o= Z Win (A O + T
the visible EPland ENDO contours, shown as Fig. 10(b) and (c).

m=1



1086 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 21, NO. 9, SEPTEMBER 2002

(d)

—_~

(e) ® () (h)

Fig. 10. A simulated image and its intensity, distance and PicPre probability maps. (a) The simulated image!((b) af®)d(2) distance maps. (d), (€)Y 1)
andI(2) intensity maps. (f)-(hP(1|©), P(2]|©), andP(3|©) maps. 1-EPI, 2-ENDO, 3-Background.

whereA,,, is a transform matrix7;,, is a translation vectoty,, whereu = [u1,us,...,uy] € RM is the new optimization

is the weight of®,,, for ©, andM is the number of models in variable. The surface model optimization problem can finally
the surface model catalog. There might be constraints,Qn be written as

such as all being nonnegative apd’_, w,, = 1. Now the

optimization problem is reparameterized into Moo
max F | > m_ Q! (20)
max u€RM m=1 M + %I: 2
Wi 20, A T =10, MY M a0, =1 =
M We use the optimization method described in [47, pp. 443—
F Z Wi (AmOm + Tim) (18) 448], which combines both direct search and global methods. It
m=1

employs the Nelder—Mead simplex algorithm to decide a new

The constrainth_l w,, = 1andw,, > 0enforce the combi- search point and deter'mmes whgthgr or not to accept the point
= ger randomly perturbing the objective function.

nation of the models in the catalog to be convex. Considering #
available CPU cycles, our strategy is first to fidg,s and7,,,s
by an initial alignment of each member in the catalog. Second,
A,,s andl,,s are fixed during the optimization &f(©), where We evaluate the performance of the integrated approach on
only optimal weights are being sought. 3-D LV surface optimization with a total of 4B vivo clinical

In the initial alignment, we compute the transform matristudies. There are 16 normal studies and 29 diseased studies.
A,,s and translation vectdr,, s for each member in the catalog,There are six groups among the 45 studies.
such that the aligned surface model maximizes the explicit prior 1) The Normal group consists of healthy studies.

VIl. EXPERIMENTAL RESULTS

probability given user input points. 2) The CM group consists of cardiomyopathy, idiopathic,
After the initial alignment, thel,,,s andl;,,s are obtained and and mean of unknown cause studies.

the catalog is aligned; that is, each mem®gr in the original  3) The IMR group consists of ischemic dilated cardiomy-

catalog is aligned t®;,, by ©;, = A4,,0,, + T,,. Since the opathy with mitral regurgitation studies.

problem is still constrained, we reparameterize it by letting 4) The MI group consists of myocardial infarction studies.
) 5) The IO (from University of lowa) group has one myocar-
L4 ui, (19) dial infarction study.
M+ % 2 6) The VA (from the VA Hospital) group consists of chronic
= coronary disease studies.

Wy =



SONGet al. INTEGRATED SURFACE MODEL OPTIMIZATION FOR FREEHAND THREE-DIMENSIONAL ECHOCARDIOGRAPHY 1087

Fig. 11. A normal test study (NL180). Imaging plane intersections of optimized (solid line) and true (dashed line) surface models. (a) Panasteisalitw.
(b) Short-axis view. (c) Apical four-chamber view. (d) Apical two-chamber view. (e) Apical long-axis view.

The LV surface catalog has 86 LV models from 73 patients: 3dce B is defined as the mean vertex projection distance from
studies in eight diseased groups and 34 normal studies. All tiethe vertices of surfacd to surfaceB. The projection dis-
ground-truth LV surface models are built with a labor-intensiviance between surfacé and B is the average of the projection
and accurate method using more than five views. distances fromd to B and fromB to A.

All 45 sets of image sequences were acquired from ATL ul- Figs. 11 and 12 display the optimization results on a normal
trasound machines, except the 10 studies, which were acquigedup test study and a diseased CM group test study, respec-
from HP ultrasound machines. These images were acquiredtfeely. Both figures show the original images and the imaging
other studies by three operators over a period of two years,@ane intersections with the optimized surface models (solid
that they incorporate some amount of operator and system diee) and the ground-truth surface models (dashed line). We
ting variability. The frame rate was 30 per second. The hoskchieved surface projection distance errors of 2.0 and 2.2 mm
zontal and vertical resolutions of the images were, respectivatyy ENDO and EPI, respectively, on the normal study in Fig. 11.
0.37 — 0.46 mm and0.37 — 0.41 mm per pixel. For each of The two surface models agree well at places with strong con-
the 45 studies, we selected subsequences of images from toast available, such as the upper and lower center of the view
or five different views, including three or four long-axis viewsn Fig. 11(a), the lower part of the view in Fig. 11(b), the lower
and one short-axis view. Each view was further divided into grarts of the view in Fig. 11(c), the lower left part of the view in
upper sector and a lower division, divided by an arc passing Big. 11(d), and the left and right parts of Fig. 11(e). However,
inner point of the LV and centered at the transducer location.we observed large error around the area in the top left of the

From the 45 studies, we selected 20 of good image quality\dsws in Fig. 11(c) and (d). Dropout occurs at these places be-
the training set. We obtained different PixApp and PicPre probause the local surfaces there are almost parallel to the incident
ability models for each division, all estimated from the trainindirection of the ultrasound beam, emitted from the transducer at
studies. So we had ten pairs of PixApp and PicPre probabilitye origin of the fan-shaped scanning area. In Fig. 12, we had an
models for the five views. ENDO surface projection distance of 1.9 mm and an EPI surface

The remaining 25 studies form the test set. Before optimizprojection distance error of 2.5 mm on a diseased CM study. In
tion, a test study is removed from the surface model catalog itlitis study, the error distributed more evenly than in the previous
is present. In the initial alignment, we apply rotation and transtudy. The major error occurs around the apex area, which is
lation only to models in the catalog. During the optimization dfypically either in the near field where distortions are serious or
weights, we allow a maximum number of 336 objective funmutside the imaging area. So the apex areas will rely more on
tion evaluations per study. It takes the highly optimized C++/te prior shape knowledge and user input points.
program on the average about two hours per study on an Intelrable | gives the surface projection distance error summary
Pentium Il 500-MHz computer to complete the surface modstatistics on the 25 test studies. The overall distance errors for
optimization of both ENDO and EPI. ENDO and EPI are 2.6 and 3.2 mm, respectively. The best per-

We perform the experiment and diastole We measure the formance is achieved on the normal group test studies. The dis-
projection distance between the optimized and the ground-trathsed studies have various errors. Fig. 13 shows the scatter plot
surface models. Thegrojection distance from surfacé to sur- of the ENDO/EPI surface projection distance errors of all the
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Fig. 12. A diseased test study (CM240R1). Imaging plane intersections of optimized (solid line) and true (dashed line) surface models. (a) [Bagpatésn
view. (b) Short-axis view. (c) Apical four-chamber view. (d) Apical two-chamber view. (e) Apical long-axis view.

Distance performance on 25 (test, no scaling) studies TABLE |
g SURFACE DISTANCE ERROR (MM) STATISTICS OF ENDO/EPIOF
56 O ¢CMm e 25 TEST STUDIES
S
g Y Group(#Studies) ] Mean | Median | Sud. Dev. | Min. [ Max,
Zs5 || ¢ Woma TM(6) 30734 | 30735 | 0747655 | 19725 | 41740
w IMR(4) 2.7/3.5 2.7/34 0.31/0.62 25/2.9 3.2/43
] A 10(1) 241322 24/3.2 /- 2.4/32 24732
=4 o MI(5) 20/2.7 1.8/2.38 0.63/0.61 14719 3.0/3.4
2 A ®* o ® © Normal(6) 2.1/2.7 1.9/26 0.65/0.42 14/22 3.0/3.4
£ v o < VA(3) 3.6/4.5 3.7/3.8 0.53/1.3 3.1/3.7 41760
B3 feo Overall25) [ 26732 [ 26/31 [ 0787085 [ 14/19 [ 41/60
° o Ay
S v
g g vV O
2 o v
82 < TABLE I
§ STATISTICS OF THEPROJECTIONDISTANCE ERROR (MM) BETWEEN USERINPUT
g SURFACE POINTS AND GROUND-TRUTH SURFACE MODELS. (APEX, AM, PM,
(72}
=l ASQ,AND PWM ARE THE NAMES OF THE SURFACE POINTS)
1.0 15 2.0 25 3.0 35 4.0
Distance between optimized & true ENDO surfaces (mm) l i [ ed L S l YT [ i
ean caian . bev. in. ax.
Fig. 13. Scatter plot of surface distance errors on 25 test studies. Apex 2.6 2.6 2.1 0.002 8.3
AM 3.0 24 2.1 0.3 9.0
PM 2.0 1.5 1.9 0.2 88
test studies. We can see that the normal and MI groups are bette [j‘\ssl f; :3 f; 8‘1‘ 2;

than other groups.
We had an 10 test study whose images were acquired from
an HP ultrasound machine, different from the ATL ultrasound

machine used for the 20 training studies. We accomplished gye yse the projection distance from a user input point to the
surface projection distance error of 2.4/3.2 mm, smaller thgRound-truth surface model to indicate the human tracing error.
the average error of the 25 test studies. This indicates that qdble 1| shows the user input point tracing error statistics in the
PixApp and PicPre probability models are extendable to captuyr@ training studies. We show five of the seven user input points
the underlying imaging process of different types of ultrasounsécause these five are supposed to be located on the ENDO
machine. surface. They are the apex on ENDO and four ENDO surface
The optimized surface model for the VA study had larger epoints. The mean of the tracing error is 2.3 mm, only 0.3 mm
rors than others because this study had lower than average im@igaller than the mean ENDO surface projection distance error
quality and the LV had a very abnormal shape. Such cases @dithe 25 test studies. On the other hand, the human tracing error
be rejected by a lower posterior probability of the optimized sulhas a much larger standard deviation of 2.1 mm versus 0.78 mm
face model given the observed images. of the 25 test studies. Therefore, even though there is still room

|35

Overall_ | 23 | 17 | [ 0002 [ 90
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for improvement on the diseased studies, we believe our overalj4]
result approaches the achievable performance limit. For clinical

use, our approach can be modified to allow the operator to acys)
cept or reject the computed boundaries and, if necessary, select
additional points to improve the result. ]

(7]

We studied an integrated approach to surface model optimizafs]
tion that incorporates both the low-level image evidence and
the high-level prior shape knowledge in finding the best surface
model maximizing the posterior probability. This integrated ap- [9]
proach falls naturally within the Bayesian framework. It sys-
tematically tackles both offline training and online optimization. 1
The offline probability estimation problem is solved by creative
use of the EM algorithm.

We applied the integrated approach to 3-D LV surface modeh 1
optimization from 2-D ultrasound heart images. We showed the
qualitative and quantitative results of the optimized LV surface
models. Experimental results confirm the feasibility of the in-[1]
tegrated approach. The results for normal studies are usually
better than the diseased studies because normal LVs are Wﬁ%l
represented in the catalog. To further improve the performance
on the diseased studies, we believe more diseased examples
should be put into the surface model catalog. The PixApp and
PicPre probability models are jointly estimated. As the probqi4
ability models do not change over time for a given imaging
system, when a dynamic model of the LV is available, the in-15]
tegrated approach still yields an optimal solution and can be aﬂ-
plied in tracking 3-D surfaces over time. [16]

Experimental results on 3-D echocardiography have shown
that the integrated approach gives a promising direction for furp 7)
ther study of surface model optimization. As we are solving
an optimization problem whose objective function has a highe 18]
dimension and more complexity than the two-stage approach,
it demands more CPU cycles both online and offline. Despite
the current computational cost, we expect to see a transitiof®!
from the lower performance two-stage approach to an integrated
approach with the ever-increasing CPU speed and decreasing
price. [20]

VIIl. CONCLUSION
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