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4 novel fully automated border detection technique for
phase-normalized echocardiographic image sequences is
developed: Active Appearance-Motion Models (AAMM).
AAMM finds shape and appearance eigenvariations of
the heart over the full cardiac cycle from a set of exam-
Ples, capturing typical motion patterns. AAMM segments
sequences by adjusting eigenvariation coefficients to
minimize model-to-target differences. This results in a
time-continuous segmentation. The method was applied
on 4-chamber sequences from 129 unselected patients,
split randomly into training (TRN, n=65) and test set
(TST, n=64). In all sequences, an independent expert
manually drew endocardial contours (MAN). On TST,
Sully automated AAMM succeeded in 97% of cases
(AUTO) and performed well (average contour distance
3.3 mm, area regression AUTO = 0.91*MAN + 1.7 cm’, r
= 0.87). Results outperformed single-frame AAM seg-
mentation and human interobserver variabilities.

1. Introduction

Robust automatic border detection in echocardiograms
is highly desired for automated volume and wall motion
analyses, particularly for stress echo, where the subjec-
tivity of visual assessment of wall motion abnormalities
is a limiting factor. Automati¢ endocardial border detec-
tion in echocardiographic image sequences remains a
challenging problem. Various image artifacts like drop-
outs, noise, shadowing etc. conceal the true endocardial
position. Endocardial border properties are very region
dependent (especially in apical views) and the expert-
defined border position often does not coincide with a
strong image feature. Moreover, experts often employ the
temporal coherence of the image data to solve ambigui-
ties, e.g. by playing the image| loop and checking tempo-
ral consistency of the borders. Automated detection
techniques based on separate 2D images do not exploit
this temporal coherence. |

In this study, a new approach to fully automated de-
tection of time-continuous contours in echocardiographic
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image sequences is developed and evaluated based on
Active Appearance Models (AAMs), with improved ro-
bustness by employing temporal coherence in the data.

2. Methods

2.1.  Active appearance models

2D Active Appearance Models as introduced by
Cootes and Taylor [1] have demonstrated to be highly
suitable for segmentation of noisy cardiovascular images
such as cardiac MR images and echocardiograms, as we
have shown in previous studies [2). An AAM describes
the shape and image appearance of an object over a set of
examples as it is defined by experts. An AAM models the
object shape and appearance as a multidimensional sta-
tistical distribution, consisting of the average shape and a
shape-free average image patch, plus a set of eigenvaria-
tions that describe the most important shape and appear-
ance variations over the set of examples. AAM process-
ing is only described briefly here, see [1-3] for details.

After the object of interest has been outlined manually
by an expert in all examples, each shape is expressed as a
2N-dimensional vector: x = (x,,y,,xz,yz,n-,x,,,.y”)r .
All shape samples are aligned by Procrustes Analysis and
an average shape X is calculated. By applying a Princi-
pal Component Analysis (PCA) on the sample distribu-
tion, a matrix of eigenvectors P, is found that describes
all significant shape variations over the training set. Each
aligned sample x within the distribution can now be
approximated by the average shape with a linear
combination of the eigenvectors superimposed:
x~X+Pb, where b, =P’ (x- X) is a vector contain-
ing the coefficients for each of the eigenvectors.

The image patch around each shape is warped to the
average shape, yielding a shape-free intensity patch. Each
sample patch is now expressed as a high-dimensional
vector of intensities g, and after an intensity normaliza-
tion, a similar PCA will find the intensity eigenvectors.
Shape and intensity coefficients for each sample are con-
catenated and a third PCA is applied to compute eigen-
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vectors  describing  simultaneous shape and intensity
variations (“appearance’). This gives a compact model of
the total appearance of the object: each sample can now
be expressed as a linear combination of appearance ei-
genvectors. By varying the coefficients of the appearance
eigenvectors, each of the examples can be resynthesized,
as well as any statistically likely ‘intermediate’ appear-
ance. Such a model can be used for analysis-by-synthesis:
segmentation by comparing the synthesized object ap-
pearance to the image under investigation, and varying
the model coefficients to minimize the difference. A gra-
dient descent approach is used; the relation between a
certain difference image and the disturbance in the coef-
ficients is learned during a regression training stage.

2.2

However, sequential application of 2-D AAMs to a
time sequence does not guarantee a time-continuous
segmentation result and does not exploit temporal coher-
ency in the data. We present a novel, 2D + time Active
Appearance-Motion Model (AAMM) that models shape
and appearance of the heart in combination with the dy-
namics of the cycle. In the AAMM, the appearance of the
heart is modeled for the entire cardiac cycle by consider-
ing the sequence as a stack of 2D time slices. All single-
beat sequences are phase-normalized into a fixed number
of frames F (16) so that end-diastolic (ED) and end-sys-
tolic (ES) frames map to the same frame number (L, 9,
and 16, respectively). When ED and ES frames in the
original sequence are known, a relative cardiac phase can
be calculated for each frame and the 16 frames for the
desired points in the cardiac cycle are selected by nearest
neighbor interpolation. In a training set, corresponding
points on the endocardial contour are defined for each
time slice based on expert drawn contours. The image
appearance of the heart in each time frame is modeled as
a vector of pixel intensity values in an image patch
spanned by the manual contour. Intensity distributions are
normalized non-linearly to deal with ultrasound-specific
problems and allow Gaussian modeling of intensity [3].
The vectors for shape points for each time frame are con-

catenated in the order of their phase number (1..F).
Phase | Phase 2
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A similar approach is used for the intensity vectors.

Only 2-D coordinates of the points are considered, and
the resulting shape and intensity vectors are F times as
large as in a corresponding 2D AAM. Principal Compo-
nent Analysis on the training samples renders the mean
(Fig. 1) and eigenvariations of shape and intensity
appearance of the complete cardiac cycle, and thus
captures typical motion patterns associated to cardiac
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contraction (Fig. 2). Note that the shown eigenvariation
models a clinically well-known pattern: a dilated apex
(left) shows very little motion over the cycle.

The AAMM matching procedure resembles conven-
tional 2D AAM matching. However, the RMS error crite-
rion and the parameter regression matrices are calculated
for the full image sequences, as opposed to a single 2D
image frame in AAMs. Therefore the temporal coherence
in the cardiac motion is preserved during the matching,
ensuring a segmentation result which is largely consistent
with the cardiac motion patterns observed in the training
set. Typical processing time for a full-sequence match is
~ 6 sec. on an 800MHz PC.

Fig. 1. “Average heartbeat” in 4-chamber view over 65
patients, 5 of 16 phases shown. Left to right: ED (1), mid-
systole (5), ES (9), mid-diastole (13), atrial filling (16).

o

(a) (b) © Yy
Fig. 2. Second eigenvariation of AAMM shape. The ob-
Jects represent motion patterns, stacks of contours for the
full cardiac cycle (time axis bottom left to top right;
shape constriction in the middle corresponds to ES, open
ends to ED): a) average shape motion pattern minus three
standard deviations; b) average motion pattern;
c) average plus three standard deviations.

3. Experiments and material

3.1. Patient material

Transthoracic echo (TTE) 4-chamber sequences were
acquired from 129 unselected infarct patients participat-
ing in a clinical trial. No patients were excluded for rea-
sons of image quality. Images were digitized from
videotape at a resolution of 768*576 pixels (calibration
factors 0.28 to 0.47 mm/pixel). ED and ES frames were
marked by an expert observer. All single-beat sequences
were phase-normalized to F=16 frames as described. The
expert observer manually outlined endocardial contours
in all frames of all sequences (2064 contours). The set
was split randomly into a training set (65 patients) and a
testing set (64 patients).



3.2

Inter- and intraobserver variability of manual drawing
was determined on 20 randomly selected patients. Con-
tours were drawn independently by a second observer,
and again (6 months interval) by the first observer. Con-
tour differences were determined as described below.
One patient with an extremely dilated ventricle formed an
outlier and was excluded.

3.3. AAMM evaluation

The AAMM created from the training set was applied
to segment the 64 test sequences. All models were ini-
tialized to the same fixed initial pose (average pose ob-
tained from the training set). For comparison, matching
was also performed on the training set.

To compare the automatically detected and manual
contours, five indices were calculated per patient (Table
1). Endocardial border positioning error (point distance)
was defined as the average of all 592 unsigned distances
between corresponding contour points over the full cycle.
Success rate was determined as the fraction of patients
with point distance < 8 mm.

Endocardial percent area errors were determined sepa-
rately for each phase of the cardiac cycle. Error in Area

Areay

Ejection Fraction (AEF=(] ——=)) was the difference

Area gy

Intra- and interobserver variability

between computer and manual AEF. All mean errors
were tested against zero and the mean of the test set. Sta-
tistical significance was determined with a one-sided t-
test, where p<0.01 was considered significant. Moreover,
linear area regressions were performed.

3.4.

We hypothesized that an AAMM could better exploit
the temporal continuity of the image data than AAMs. To
test this, we compared the results of the 16-phase AAMM
with the combined results of 16 single-phase AAMs, each
trained and tested on images of only one phase, with all
other parameters identical. Average and standard devia-
tion of endocardial border positioning errors for the 16-
phase AAMM were compared to the pooled average and
standard deviation of the set of single-phase AAMs. The
AAMM average error was tested for being significantly
lower using a single-sided Z-test. Percent area errors
were compared between each single-phase AAM and the
corresponding phase of the 16-phase AAMM.

Comparison to single-frame AAMs

4. Results

In 62 of all 64 tested patients (97%), the AAMM fully
automatically found borders that agreed well with the
manual standard (Fig. 3, Table 1) with average point dis-
tance of 3.35 mm (9.3 pixels). In two cases the matching
failed (point distance >8mm); these were excluded from
further analysis (if the failed matches were included,
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point distance was 3.54 + 1.62mm). Fig. 4a demonstrates
a good correlation of the LV endocardial areas (r=0.87).
Endocardial percent area error averaged over all phases
was -2.9%, showing a slight but significant negative bias
of the AAMM. Fig. 4b shows that endocardial percent
area error does not change substantially along the cardiac
cycle. Mean AEF error was small: 0.66%.

Phi6

Fig. 3. Example of fully automated AAMM segmentation
of a phase-normalized sequence from the test set. Left to
right: partial images from phase 1, 9 and 16. Row I:
initial AAMM model positioned on phase images 1, 9,
and 16. Row 2: AAMM match after 5 iterations. Row 3:
final match after 20 iterations. Row 4: Observer-
identified endocardial contours shown for comparison.

Comparison with inter- and intraobserver variabilities
(Table 1) clearly shows that the fully automated AAMM
detection generally outperforms a second independent
observer and is therefore clinically acceptable. However,
it does not match the intraobserver variability level. In-
traobserver variability can be seen as a measure for inac-
curacies in the training data of the AAMM and therefore
as a plausible lower bound of the AAMM accuracy.

For comparison, matching was performed on the
training set as well. Here, 4 of 65 patients showed a failed
match and were left out; for all others the match was
nearly perfect (Table 1). All failed matches could be at-
tributed to the model’s initialization; manual re-initiali-
zation closer to the true pose gave a near-perfect result.



Table 1. AAMM results on test set and comparison to training set and manual inter/intraobserver results.

Results Test set Training set Manual Intraobserver Manual Interobserver
(mean + SD) (n =62 of 64) (n =61 of 65) (n=19) (n=19)
Success score (%) 96.9% 93.8% - -
Point distance (mm) 335+1.22 0.12+£0.36 t 232+£0.75 382+ 144 ¢
Fractional area error (%) -2.89+10.2 0.07 £ 1.08 *+ 092+6.19 t 4.39+10.3
Ejection Fraction err (%) 0.66+£55* -0.05+0.41* -1.71 £2.84 0.88+£3.15*
Area regression (cm?) y=0.91x+1.73 y=1.00x+0.001 y=0.87x+3.57 y=0.95x+0.15
(y=computer, x=manual) r=0.87 r=0.999 r=0.96 r=0.88
* : mean not significantly # 0; t: mean significantly larger/smaller than mean of test set
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Fig. 4. Validation results. a) Comparison of observer-defined and computer-determined LV endocardial areas in the 992
test set images from 62 out of 64 patients (all 16 cardiac phases). b) Endocardial percent area error as a function of
cardiac phase (mean error + standard deviation). c) Endocardial percent area error for 16 single-phase AAM:s.

The pooled average border positioning error for the set
of 16 single-frame AAMs was 4.27 + 2.52 mm (n=1024,
16*64 frames in test set) while for the 16-frame AAMM
it was 3.54 + 1.62 mm. This 17% improvement is highly
significant (p<<0.001). The percent endocardial area er-
rors in Fig. 4b and 4c show that the AAMM (Fig. 4b)
generates much more consistent results over the phases,
with generally 15% lower standard deviation.

5.

An AAM for time sequences (Active Appearance-Motion
Model) has been developed that models cardiac motion
and image appearance and performs fully automated fast
contour detection on phase normalized echocardiographic
time sequences in a practically applicable manner. It gen-
erates time-continuous segmentation results consistent
with cardiac dynamics, and superior to a single-frame
approach. It has demonstrated robustness and accuracy in
a large clinical study on 4-chamber TTE.

Discussion
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