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Multistage Hybrid Active Appearance Model
Matching: Segmentation of Left and Right Ventricles
In Cardiac MR Images
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Abstract—A fully automated approach to segmentation of the - a stack of slices perpendicular to the left-ventricular (LV) long
left and right cardiac ventricles from magnetic resonance (MR) axis. To quantitatively analyze global and regional cardiac func-
images is reported. A novel multistage hybrid appearance model yjqn, from such images, segmentation of the LV endocardial and

methodology is presented in which a hybrid active shape model/ac- . dial bord . red I tati f th
tive appearance model (AAM) stage helps avoid local minima of the epicardial borders IS required, as well as segmentalion ot the

matching function. This yields an overall more favorable matching fight ventricle to assess right-ventricular (RV) functional de-

result. An automated initialization method is introduced making fects. Due to the massive amount of data involved in a dynamic

the approach fully automated. . short-axis cardiac magnetic resonance (MR) examination (typi-
Our method was trained in a set of 102 MR images and tested .41y 200-300 images), robust automated segmentation of these

in a separate set of 60 images. In all testing cases, the matching truct g tive f i titati vsis of
resulted in a visually plausible and accurate mapping of the structures IS imperative for routiné quantitative analysis of car-

model to the image data. Average signed border positioning diac MRI.

errors did not exceed 0.3 mm in any of the three determined  Automated segmentation of cardiovascular MR images has
contours—left-ventricular (LV) epicardium, LV and right-ven-  shown to be a challenging task. Approaches dedicated to LV seg-
tricular (RV) endocardium. The area measurements derived from mentation in MR and computed tomography (CT) volume data

the three contours correlated well with the independent standard f
(» = 0.96, 0.96, 0.90), with slopes and intercepts of the regressionhave been proposed, based on, among others, active contours and

lines close to one and zero, respectively. Testing the reproducibility balloons [1]-[3], adaptive thresholding [4], dynamic program-
of the method demonstrated an unbiased performance with small ming [5], implicit wavefront propagation [6] or pixel/region
range of error as assessed via Bland—Altman statistic. In direct classification [7], [8]. Though partially successful, three major
border positioning error comparison, the multistage method ,qplems are associated with many of the previously described

significantly outperformed the conventional AAM (p < 0.001). . . . )
The developed method promises to facilitate fully automated contour detection strategies for cardiovascular structures:

guantitative analysis of LV and RV morphology and function in e Because of the presence of noise and image acquisition

clinical setting. artifacts in many routinely acquired cardiac MR images
Index Terms—Active appearance model, active shape model, (especially in echo-planar imaging pulse sequences),

cardiac segmentation, magnetic resonance image analysis. image information can be ill defined, unreliable, or

missing. In these cases a human observer is still capable
of tracing a contour in the image data based on experience
and prior knowledge, while many automated techniques
ARDIOVASCULAR magnetic resonance imaging (MRI) fail. To overcome this problem, high-level knowledge
is a highly flexible medical imaging modality suitable to about the image appearance, spatial organ embedding,
assess cardiac function in a noninvasive manner. Particularly, characteristic organ shape, and its anatomical and patho-
multislice multiphase short-axis image views have shown to be |ogical shape variations should form an integral part of a
highly useful to examine global and regional cardiac function.  segmentation approach.
The heart is imaged at various stages of the cardiac cycle ase A contour as drawn by an expert human observer may
not always correspond to the location of the strongest

. . _ _ local image evidence. In particular, in cardiovascular MR
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image evidence, but should be learned from the examplasdmarks. By aligning the shape samples and applying a prin-

provided by expert observers. cipal component analysis (PCA) on the sample distribution, any
« Many segmentation techniques require user interactiongampler within the distribution can be approximated by an av-

provide the initial conditions for a segmentation algorithrerage shapg with a linear combination of eigenvectafssu-

in the form of a seed point or initial boundary model. Thiperimposed

may still be labor intensive, and is a potential source of in-

terobserver and intraobserver variations in functional mea- T~ T+ Pb. Q)

surements.

Recently, Cootes and Taylor [11], [12] introduced a novel In two-dimensional images, tH#: eigenvectors” form the
knowledge driven segmentation technique known as active @sincipal basis functions, while their corresponding eigenvalues
pearance models (AAMs), which may solve these three praprovide a measure for the compactness of the distribution along
lems mentioned above. The AAMs form an extension of tteach axis. By selecting the largestigenvalues, the number of
widely applied ASMs (ASMs) [13], [14]—statistical models ofeigenvectors can be reduced, where a proportiohthe total
the distribution of a set of landmark points over a population dfriance is described such that
training samples. ASMs accommodate shape knowledge about on
object shape an(_d its va_rlr?ltl_ons, augmented with I_ocal appear- Z A; > z-Total where Totak Z A )
ance knowledge in the vicinity of each landmark using separate
appearance models for each landmark. In contrast, the AAMs
represent the average object shape and its shape variations Boncatenation of the firgteigenvectors results in a compact
combination with the appearance of a complete image patchsimape model, which describes the average object shape in com-
an integral statistical model. AAMs can be applied to segmentaination with its commonly occurring variation in a population.
tion by minimizing the error between a target image and a syn-
thesized image patch generated from the model. B. Modeling Image Appearance

A major advantage of the AAMs over other segmentation |, the original ASMs, limited knowledge about image ap-
methods is that the object shape and the underlying image 8@z rance is accommodated. For each landmark point, typically
pearance are derived via automated training from a set of S§Gscanline perpendicular to the shape is sampled, and for each
mentation examples. The AAMs are trained using shape §Xqqmark point, an intensity model is generated analogous to the
amples manually drawn over the original image data. Consgsneration of the shape models. These local appearance models
quently, they are able to capture the association between @R e to generate a proposed boundary location during image

server preferences and the underlying image evidence, makigch of the ASM. Therefore only local appearance knowledge
the AAMs highly suitable to model expert observer analysis bgs odeled.

havior. Another advantage of the AAMs is the fact that multiple Aapms  however describe the image appearance and the
objects (in our case, the left and right cardiac ventricles) a&ane in an integral shape-appearance model of an image patch
modeled in their spatial embedding. The goal of this work W3$5]. In the equations below, the subscriptcorresponds to

to develop a fully automated segmentation procedure for cardg:}pape parameters while the subsagiptpresents appearance or

MR images by exploiting the clinical potential of AAMs. gray-level parameters. An AAM is constructed in the following
The main contributions of this work as compared to Coote&epsl

seminal work on AAMs are threefold. 1) A hybrid combination .
" 1) Compute an ASM and approximate each shape sample as
of ASMs and AAMs was developed. The model fitting proce- . L . T
. . alinear combination of eigenvectors, whéye= P, (x—
dure is driven by both ASM deformations and AAM deforma- _
. . : Z) represents the sample shape parameters (1).
tions, whereas the error measure is based on AAMs. This de- ; . .
: o -~ 2) Warp each image on the mean shape using a linear or
creases the risk of convergence toward a local minimum during ) . . .
nonlinear image interpolation.

the model matching. 2) A mechanism was developed to reli- . . . . .
o . . ) Normalize each image to the average intensity and unit
ably initialize the segmentation process using the measure of3 varianceg

model image matching quahty. 8) A method was developed al 4) Perform a PCA on the normalized intensity images.
lowing fully automated analysis of LV and RV morphology from : . . S
: 5) Express each intensity sample as a linear combination
MR image data. : T _
of eigenvectors, wherg, = P (g — g) represents the
sample gray-level parameters.

=1 =1

Il. PRELIMINARIES 6) Concatenate the shape coefficient vectdrs and
As stated earlier, AAMs are an extension of the well doc- ~ gray-level intensity coefficient vectorg, in the fol-
umented Point Distribution Models (PDMs) and ASMs intro- lowing manner:
duced by Cootes and Taylor [13]. A brief overview of the PDM - _
background is provided here. More detail is given elsewhere [5]. b= < ngs ) = < W;];@( ( __;7) ) (3)
g g 9—9g

A. Modeling Shape Using ASMs where weighting matrid¥” is a diagonal matrix that re-
ASMs describe the shape and shape variation of a population lates the different units of shape and gray-level intensity
by representing each shape sample as a setcofresponding coefficients.
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(@) (b)

Fig. 1. Comparison of conventional AAM and multistage hybrid ASM/AAM segmentation. (a) Original image. (b) Conventional AAM segmentation
demonstrating a good gray level appearance fit but poor border positioning accuracy (arrows). (c) Multistage hybrid ASM/AAM approach resuittstantiad s
improvement in border detection positioning (arrows).

7) Apply a PCA to the sample set of dlivectors, yielding Then, conventional AAM matching can be accomplished as fol-
the model lows.

1) Place an appearance model roughly on the object of in-
b=Qc (4) terest using the parametetst, andw and compute the
. . o . difference imagey, — gn.
where(? is a matrix consisting of eigenvectors (from (3)) 2) Compute the rms of the difference image,
andc are the resulting appearance model coefficients. 3) Compute the model correctiofis, 6¢, andéu as derived
) above from the difference image (5)—(7).

C. Matching AAM to Images 4) Setk = 1.

Matching an appearance model to a target image involves5) Compute new model parameterscas: ¢ — kéc,
finding an affine transformation, global intensity parameters, ¢ := ¢ — két, andu := w — kdu.
and appearance coefficients that minimize the root-mean-squar®) Based on these new parameters, recomgpute g,,, and
(rms) difference between the appearance model instance and the find the rms.
target image. The method described by Cootes [15] suggest¥) If the rms is less tha#’, accept these parameters and go
using a gradient descent method that relates model coefficients to Step 3.
with the difference between a synthesized model image and theB) Else set: to 1.5, 0.5, 0.25, etc. and go to Step 5. Repeat
target image. steps 5-8 until the error cannot be reduced any further.

Let ¢ represent the affine transformation parameters,and
the global intensity parameters. As shown above, shapele-
rived in the target image from the appearance coefficieatsd
the affine transformation Then, the gray-level intensity vector
g. in the target image spanned by the shapeextracted using A. Arguments for a Hybrid Model
image warpingy; represents the image patch warped from the
target image to the average shape. The model gray-level int
sity vectoryg,, is derived from the appearance coefficientad
is later modified by the global intensity parameters

Employing reduced-rank multivariate linear regression on
set of known model parameters, the matriégs R;, and R,,
are derived. Using a set of training images, their correspondi

I1l. M ULTISTAGE HYBRID ACTIVE SHAPE AND ACTIVE
APPEARANCEMODEL SEGMENTATION

Although the conventional AAM approach performs well with
ﬁﬂ:’ating objects, itis better suited for matching their appearance
than it is for the segmentation of target images. The algorithm
tends to produce plausible solutions, but the borders may be im-
pqecise. This is because an AAM is optimized on global appear-
ance and, thus, less sensitive to local structures and boundary
. . f*formation commonly used in other segmentation algorithms
modeling parameters ¢, andw are randomly displaced, thus[Fig. 1(a) and (b)]. Conversely, ASMs tend to find local struc-

creatlr_lg a d|ffe.rence iy and gm- From_ the dlsplacementst es fairly well [15]. ASMs typically fit a shape-only model to
and difference images, regression matrices are computed. (

. . o ; ) arget image based upon the edges or edge patterns normal to
ternately, this is equivalent to finding the gradient of the IMagfie shape borders. ASM’s strength lies upon a direct association

difference ObJeCt'Ve function. . between edge profiles and shape borders, however they are very
The corresponding model correction steps can be compuied.sitive to their initial placement and do not take advantage of
as overall gray level appearance information. Therefore, we con-
S =R (g, — gon) ®) cluded that ASM and AAM matching could be combined in a
cAdE s am hybrid fashion during the final stages of optimization to improve
6t =Ry (g5 — gm) (6)  the achieved segmentation with respect to the accuracy of object
u =Ry (gs — gm) - (7) boundary placement.
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In our hybrid ASM/AAM stage, the ASM and AAM are several ways to constraint The simplest is to apply
matching is performed independently and the resulting pa- a hard constraint to each coefficient #8\;. Another
rameters are combined after each iteration. This is done by method is to scale the length bf until each coefficient
extracting the shape modél from the AAM, performing a is below=£3A;.
best fit using only the shape model and the pose parameters 6) Repeat starting with Step 1 until there are no significant
and then transforming the refined shape model back into the changes in’.

AAM. At the same time, AAM refinement is applied to the
image vyielding its own set of coefficients for shape and pos€. Hybrid Model Matching
The t_wo sets of shape and pose coefficients are combined usingy combining the hybrid technique with conventional AAM
a weighted average. matching, the segmentation is performed in the following way
) ) . (in the hybrid stage, ASM parameters are denoted by single-
B. Matching the Shape Model to the Target Using A MOd'f'e‘érimed terms, AAM parameters by double-primed terms)
ASM 1) The appearance model’'s current state with respect to the

Matching only the shape model to the target image requires  object of interest is described via the parametetsand
an ASM optimization. Nevertheless, the ASMs may be prone to u. Compute the difference image — g.»..
noise because the strongest matches between individual points?) From the appearance parameté#), extract the shape
are not constrained by the locality of adjacent points. Since we parameters,, and refineb, and pose utilizing ASM
assume that the hybrid refinement is used toward the later stages  matching as described above. This results in a new set
of optimization, the AAM has already converged to a close prox- of parameter$, and¢'.
imity to the target borders. Therefore, spurious edges may cause3) Compute the rms difference between the model and the
more harm than good during the ASM refinement process. This target imagek.
effectis partially resolved by projecting the new shape backinto 4) Compute the model correctiofis, 6, andéu as derived
the shape model and constraining the coefficients. Further im- above from the difference image (5)—(7).
provement of the ASM refinement strategy may come fromem- 5) Setk = 1.

ploying a global boundary optimization step. We elected to use 6) Compute new model parameters:4s= ¢ — kéc,

dynamic programming to globally optimize the resulting border. t =+ — k6t, andu’’ = u — kbu.
Our ASM refinement process, thus, involves the following. 7) Based on these new parameters, recomguteg,,, and
1) Extracting the shape from the shape modél. determine the new matching rms difference value.
2) Creating a cost matrix of normal profiles at each shape 8) If the new rms value is less thd accept these param-
point x; by determining the Mahalanobis distance func- eters and go to Step 10.

tion between model and target border profiles normal to 9) Else set to 1.5, 0.5, 0.25, etc.; go to Step 6.
the border at each landmark point. That is, a normalized 10) From the new appearance coefficiefit extract the

mean profilep; is created for each shape point and shape model parametéf and the appearance parameter
compared to a set of new profilgssampled along the b,,. With the ASM-refined shape coefficieht, recom-
normal of each shape point to create a cost matrix for dy- bined,, &, andb into c using a weighted average on
namic programming. A simple Euclidean distance could the shape coefficientsx( = 0.5 seems to produce the
be used, but Cootes suggests a Mahalanobis distance de- best results)
fined as —" "
ab, +(1 —a)b;
e, el G P L)
fp)=@-p:) 5, (p—p;) ) 9

whereS,, is a covariance matrix of the profileg sampled In addition, recombine the new ASM and AAM pose

in the training set. Also suggested is that derivatives of ~ Parameters;’ and¢”, using a weighted average
the profiles normalized to a unit vector should be used
instead of profile samples to reduce the effects of global
intensities.

3) Finding the optimal lowest-cost path across the cost ma-
trix using dynamic programming producing a new shape

/
D. Multistage Hybrid ASM/AAM in Fully Automated Cardiac

X .
4) Transformz’ into a new shape model instance defined b )
R Analysis

b, and affine transformatioh This is done by aligning’ _ _ _
to the mean shage yielding the new affine transforma- The complete active appearance segmentation method is a

t=at' +(1 - a)t’. (11)

11) Repeat starting with Step 2 until there are no significant
changes in the rms error.

tion ¢, and then computing, using multistage process. First, an AAM is matched to the image until
convergence, which results in defining the pose and general
b, =P (z—7). (9) shape of the sought object. Note that the conventional AAM

matching process ends at this point. However the model may
5) Applying model constraints to the new shape maddalo be trapped in a local minimum where the edge boundaries are
that the new shape is from the allowed shape-space. Thslightly off from the target borders, or the shape’s position might
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be significantly off due to an attraction to the wrong bound ~ RMS . 0

aries. In the second stage, our hybrid ASM/AAM process is rc ~ Matching

peated until convergence to help move the current solutionc ™"

of the potential local minimum to which the first-stage AAM

converged. After that, the third stage is invoked. The curre

gray-level appearance of the AAM is replaced with the mee  Initial +

appearance with the shape and pose kept unchanged by sel AAM .\

' ) ’ X matching

b, = 0. The third-stage AAM is matched to the image using th  error

conventional AAM matching process until convergence. ASM/AAM - “1
Inthe reported cardiac MR application, the approximate locimatching

tion of the left ventricle is determined fully automatically using®™®" _

a Hough transform approach that has been thoroughly validat n{Z‘;ifh;g AAM ASM/AAM AAM
and demonstrated to be highly reliable (part of MASS cardie &7 lteration s?eps
analysis package, [16]). For each slice in the study, the LV mid-
point is detected, and a straight line is fitted to the estimat&y. 2. Typical rms matching error as a function of the model matching stage
midpoints for all the slices. A point is, thus, determined in th%?]?c';exgg)é} ;tgfcéﬁﬁgds‘iggg)iszhnf;%z‘zj_ below the iteration step axis denote
approximate center of each slice of the LV cavity. The heart
orientation however remains unknown. The orientation of the
AAM is initially set to be horizontal, which was the most prevamanually defined independent standard of contours drawn by
lent cardiac pose in the training set. a human expert.

Throughout the three-stage matching process, the rms differ-

ence between the model and the target image is used to evaldatd®ata

the quality of the final match. Five repeated matches are per-the model was trained and its performance tested in rou-
formed with initial orientation ranging from-90° to +90° in  tinely acquired multislice multiphase short axis cardiac MR sets
45° intervals. If no initial positioning yields a good-enough rmgn ot were obtained from 34 healthy volunteers and 20 patients
error, the best of the five solutions is selected. Fig. 1(c) ShO\Qﬁg_ 3). To obtain a balanced population, patients were selected
the final segmentation using the hybrid ASM/AAM approach it suffered from various common cardiac pathologies such
comparison with the conventional AAM approach [Fig. 1(b)]. a5 hypertrophic obstructive cardiomyopathy, myocardial infarc-
Our fully automated multistage hybrid ASM/AAM segmentjon " or LV aneurysm. In each image set, three end-diastolic,

tation can be summarized as follows. mid-ventricular slices were selected for the total of 162 images
1) Initialization: The approximate location of the LV mid-of 256 x 256 pixels; field of view: 400—450 mm; pixel sizes:
point is determined via Hough transform. 1.56-1.75 mm.

2) Early AAM Stage: The mean AAM is placed on the target
image with its LV midpoint centered on the automatig. Training and Testing Data Sets

cally determined midpoint and its orientation set&I0° The available data were divided in a training set consistin
with respect to the horizontal orientation. The AAM is 9 g

matched to the target image using the conventional AAIQF 102. images (fro_m_ll patlen_ts and 23 norm_al SUbJECtS) and
) . a testing set consisting of 60 images (from nine patients and
matching until convergence.

3) Hybrid ASM/AAM Stage: The hybrid ASM/AAM refine- 11 healthy subjects). The training and testing sets were com-
ment is emploved until éonver ence pletely disjoint—at the image as well as subject levels. The
4) Final AAM pStde' The mean_glappeérance AABY (= models were trained on the training set as described above. The

0) is matched to the target image using the conventionrgfathOd s performance was assessed in the testing set.

AAM matching until convergence.

5) Best Match Selection: Reinitialize the AAM matchin
with the model rotatedr45° from the last initial posi-  The three contours depicting the LV endocardium, RV endo-
tion. Repeat steps 2—-4 five times. Use the match with tisardium, and LV epicardium were manually drawn by an expert
lowest rms error as final. observer in all images used in the reported study (training as

Following this process, the model is fitted to the image data wite!l as testing) and served as an independent standard. Man-
a high likelihood to avoid local minima. Fig. 2 demonstrates @@lly traced contours were defined using user-friendly tracing
typical rms matching error as a function of the model matchir@f?d editing tools of the cardiac analysis package MASS [16].
iteration step. Note that each of the three sequential matchihge observer was unaware of the results of the computer anal-
processes independently converges yielding an overall favorapis and had unlimited time to define the independent standard

rms matching error. to full satisfaction.
To quantitatively assess the accuracy of the automatically

defined contours with respect to the independent standard,
border positioning error measures comparing the automatically

The performance of our AAM segmentation methodologgetermined contours with the independent standard were
was tested in in vivo MR image data by comparison with determined. The average signed, unsigned, maximum, and

gC. Independent Standard and Quantitative Assessment Indices

IV. EXPERIMENTAL METHODS
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Fig. 3. Example MR images used for validation. See Fig. 6 for the segmentation results.

rms border positioning errors were independently defined for TABLE |

all three borders by measuring the distances between corre- _BORDER POSITIONING ERRORSASSESSING THEACCURACY OF
. A . . . THE AUTOMATICALLY DEFINED BORDERS WITHRESPECT TO THE

sponding border points. Corresponding points were defined as INDEPENDENT STANDARD

pairs of points, the first point being from the computer-detected

border and the second one from the observer-determined borde  Errors (mm) ’ LV ENDO | LV EPI RV

that were closest to each other using the Euclidean metric.
Border positioning errors are expressed in millimeters as mear
+ standard deviation. The negative sign of the signed error Maximum error | 3.8241.80 | 3.83%1.55 | 6.23+3.27
value means that the automatically determined border was  RMS error 1.71+0.82 | 1.7540.83 | 2.46+£1.39
inside of the observer-defined border. .

. . Errors expressed as meanstandard deviation.

Three clinically important area-dependent measures were
calculated and used for performance assessment: LV cavity ) ] ] . )
area, RV cavity area, and LV epicardial area. The individu&ffors obtained in the testing set were compared using a paired
indices were defined as the areas enclosed by the LV and Rigst.
endocardial and epicardial borders, respectively. Area measure-
ments are expressed in centimeters squared. The information V. RESULTS

from the MR-image DICOM header was used for pixel size The contours of the LV and RV endocardium, and LV epi-
calibration. cardium were automatically detected in all images in the testing
N set by performing our multistage ASM/AAM segmentation as
D. Reproducibility presented above. In all 60 cases, the matching resulted in a visu-

To assess reproducibility, the method was applied to tagly plausible mapping of the model to the image data. All bor-
testing data set twice. In the first run, the initial positiongers were detected fully automatically and were not manually
of the AAM differed by 45. The initial AAM orientations edited. The computer determined borders were accurate with
were rotated by+22.5 for the second run. Thus, the twothe maximum and rms border positioning errors summarized in
reproducibility runs were independent. Table . The results show minimal bias in border positioning and
typical border placement within one to two pixels of the manu-
ally traced independent standard.

To statistically assess the performance of the computerA good correlation was obtained between computer-detected
method, linear regression analysis was used to comparel observer-defined LV and RV cavity areas as well as for the
computer-detected and observer-defined area measurementsepicardial areas:( = 0.96,y = 1.04x — 0.55 [cn?]; r =
Regression equations were also compared to the line of idendtP0,y = 0.972—0.22 [cn?]; » = 0.96,y = 0.90z+4.01 [cm?],
usingt-statistic for slope and intercept.jAvalue less than 0.05 respectively; Fig. 4). The slopes and intercepts of the LV and RV
was considered significant. Bland—Altman statistical analysiswity area regression lines did not differ significantly from one
was used to assess the method’s reproducibility by comparimgd zero, respectivelp > 0.3).
the agreement between the area measurements in the twAssessing reproducibility, the Bland—Altman analysis of
independently performed automated analysis studies. Sirmggreement revealed very small bias and good coherence be-
area errors increase proportionally with the increasing heasteen the two independently computer-determined epicardial,
size, log—log Bland—Altman plots were used for reproducibilitiV, and RV cavity areas (0.4%, 0.6%, and 0.2%, respectively).
assessment [17]. To demonstrate that the introduced multistdgeshown in Fig. 5, 95% of the computer measurements of
hybrid approach yields significantly better results in compatV cavity areas can be expected to differ from repetitive
ison to the conventional AAM method, unsigned positioningieasurements by less than 8% below and 8% above the mean

Avg. signed error | 0.224+1.90 | -0.01+£1.92 | -0.324-2.80

E. Statistical Assessment
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Fig. 4. Comparison of the observer-defined and computer-determined area measures in the 60 images of the testing set.
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area, 95% of cases can be expected to differ from repetitive
measurements by less than 8% below and 8% above the mean.

Our multistage hybrid AAM method significantly outper-
formed the conventional AAM approach at the significance
level of p < 0.001 as assessed by comparison of unsigned
border positioning errors in the testing set.

Two examples of computer-detected segmentation achieved
in MR images from the testing set are given in Fig. 6. The orig-
inal image data and the manually defined borders are shown to-
gether with the results of the automated computer analysis.

VI. DISCUSSION

The reported method solves several important problems of
cardiac MR image segmentation. The method identifies struc-
ture boundaries using knowledge acquired during the training
stage from expert-segmented examples. The approach consis-
tently delivers high quality segmentations across a variety of dis-
ease conditions in not-always-perfect clinical-quality images.
Fully automated performance facilitates utility in clinical care.
Additionally, it is the first such method performing RV analysis.
The discussion will concentrate on three topics—behavior of
the reported multistage hybrid ASM/AAM method, its achieved
performance, and applicability to clinical data.

A. Behavior of the Hybrid ASM/AAM Segmentation Method

The method is designed as a multistage process and the hy-
brid ASM/AAM model is used in the second stage. The overall
strategy is to concatenate several independent matching phases
in which the later stages help the model to emerge from a poten-
tial local minimum the earlier stages converge to. The matching
sequence is AAM— hybrid ASM/AAM — AAM. There are
several reasons for starting with a conventional AAM matching
stage and not using the hybrid model exclusively. First, the ASM
component in the hybrid model is not a suitable approach in the

Fig. 5. Bland-Altman plots showing reproducibility of two independenf@rly model fitting stages. Initially, the search for the overall
computer-determined area measures in the 60 images of the testing set. (apbée and location of the model is of primary importance and the
cavity areas. (b) RV cavity areas. (c) Epicardial areas.

ASM is not well suited for this task. Second, the higher compu-
tational demands of the hybrid ASM/AAM stage would cause a

of the two runs. For the computer measurements of the R@mewhat slower runtime. Our experiments have shown that the

cavity area, 95% of cases can be expected to differ from repdesigned multistage approach results in excellent overall per-

itive measurements by less than 17% below and 19% abdeemance as far as speed, accuracy and stability are concerned.
the mean. For the computer measurements of the epicardiéter the first stage of AAM matching finishes, chances are
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(d)

Fig. 6. LV and RV contours obtained by our multistage hybrid ASM/AAM segmentation method in cardiac MR images. Presented examples are from the testing
set. (a) and (d) Show the originals, (b) and (e) the independent standard. (c) and (f) Show the results of our multistage segmentation methotbr3ke Fig. 3
full-size original images that were analyzed using our fully automated approach.

that the location represents a local minimum of the evaluatidinal position due to a premature convergence to a local min-
function. The competition introduced by the hybrid ASM/AAMimum. Consequently, the hybrid stage is most valuable in the
together with the ASM’s focus on local border properties efmages that may otherwise be considered failures. Indeed, the
fectively forces the AAM to move from such undesirable locombination of multistage hybrid methodology and the auto-
cation. The third stage of the overall process starts with digated initialization decreased the number of failures from five
regarding the gray-level appearance information in the currdatzero in the testing set of MR images. We also compared the
AAM which again aids in escaping a possible local minimurperformance independently in the patient and normal-control
found during the ASM/AAM stage (Fig. 2). The final AAM op- subsets of the testing set. Not surprisingly, the results obtained
timization stage is then employed to correct any appearanceigrthe normal data sets are consistently better, suggesting that
rors introduced by the ASM. It is possible to continue this cycke larger number of diseased hearts should be used for training.
of hybrid ASM/AAM and AAM repeatedly until convergence,Still, the regression coefficients of all area-regression analyzes
but the small gains in improvement didn't justify the signifiindependently comparing LV, RV, and epicardial areas in normal
cantly slower runtime. or patient group with the independent standard were very good
(r > 0.95). The patient-group RV area was the only exception
with a slightly lower correlation- = 0.84, clearly, reflecting
higher difficulty of diseased RV segmentation as well as the lim-
Performance of the multistage hybrid AAM method wagations of the available independent standard.
found excellent by the variety of validation experiments per- The consistency of the independent standard is one of the
formed. The method is highly reproducible and gives accuratey factors on the way to good performance. Misleading infor-
border locations as well as area measurements. mation, if present in the training set, will decrease the knowl-
The significant increase of border positioning accuracy dge contained in the model. Similarly, local inaccuracies in the
comparison with the conventional AAM method is mostly atebserver-defined borders may worsen the segmentation results.
tributed to the cases in which the AAM does not converge to tiur independent standards were carefully prepared by expert

B. Performance
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cardiologists well aware of the requirements of computerizedproducibility was tested using Bland—Altman statistic with fa-
training. The RV borders are more difficult to identify consisvorable results. Our new method was shown to significantly
tently. Not surprisingly, the most frequent inconsistencies occoutperform the conventional AAM matching approach in the
in the T-junction areas of the RV endocardial border and Liésting set.

epicardium. Consequently, the local border positioning errorsThe developed method is the first approach delivering auto-
identified in the testing set frequently originate in these areasated segmentation of L¥nd RV borders. It promises to fa-
Another less pronounced source of tracing ambiguities acrasitate fully automated quantitative analysis of LV and RVmor-
the 102 images of the data set can be found in the areas whghelogy and function in routinely acquired clinical MR images.
borders cut through papillary muscles. No physical border exists

here that can be followed. The ambiguities in border positioning ACKNOWLEDGMENT

are reflected in the trained model subsequently used for segmen- .
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