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Outlier Detection and Handling for Robust 3-D
Active Shape Models Search
Karim Lekadir, Robert Merrifield, and Guang-Zhong Yang*

Abstract—This paper presents a new outlier handling method
for volumetric segmentation with three-dimensional (3-D) active
shape models. The method is based on a shape metric that is in-
variant to scaling, rotation and translation by using the ratio of in-
terlandmark distances as a local shape dissimilarity measure. Tol-
erance intervals for the descriptors are calculated from the training
samples and used as a statistical tolerance model to infer the va-
lidity of the feature points. A replacement point is then suggested
for each outlier based on the tolerance model and the position of
the valid points. A geometrically weighted fitness measure is intro-
duced for feature point detection, which limits the presence of out-
liers and improves the convergence of the proposed segmentation
framework. The algorithm is immune to the extremity of the out-
liers and can handle a highly significant presence of erroneous fea-
ture points. The practical value of the technique is validated with
3-D magnetic resonance (MR) segmentation tasks of the carotid
artery and myocardial borders of the left ventricle.

Index Terms—Active shape models, invariant shape metric, out-
lier handling, volumetric image segmentation.

I. INTRODUCTION

WITH the increasing capabilities of current imaging
modalities, accurate quantification and visualization

of three-dimensional (3-D) anatomical structures represent
important tasks in clinical studies as well as imaging research.
Obtaining statistically significant results often calls for accurate
segmentation from increasingly large data sets. In such cases,
manual segmentation is tedious and often involves significant
interobserver and intraobserver variabilities.

In recent years, automatic segmentation based on statistical
shape models has shown its unique strengths in exploiting a
priori knowledge about the geometry of a class of anatomical
shapes. Amongst these techniques, the active shape models
(ASMs) [1] are used to capture principal shape variations
across different individuals and over time from a set of labeled
examples based on a point distribution model (PDM). ASMs
can also be used as a deformable template to fit the model to
unseen shapes in an iterative manner where pose and shape
parameters are estimated using a least squares minimization
approach. Specific constraints found in the model are usually
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imposed to limit the shapes to valid instances. Model construc-
tion [2]–[4], as well as image segmentation [5], [6] using ASM,
has been generalized to 3-D and higher dimensional cases, and
the method is used extensively in clinical applications [7], [8].

In practice, the use of ASM for image segmentation is com-
plicated by the presence of outliers, i.e., when a proportion of
the generated feature points lie on incorrect boundary positions.
This generally occurs when image data contains noisy, incom-
plete or confusing image features, which is the case for most
biomedical imaging applications. Outliers can be seen as ex-
treme values which make the least squares minimization pro-
cedures sensitive to the non-Gaussian distribution of the resid-
uals introduced. In this case, the boundary is often dragged away
from its real position and the error introduced is difficult to be
corrected for at subsequent iterations. The effective handling of
outliers is a major research issue for the practical applications of
ASM as the accuracy and robustness of the segmentation are sig-
nificantly affected in the presence of erroneous feature points.

To address this problem, a number of modifications to the
original ASM have been proposed. Cootes et al. [9] replace the
traditional least squares approach by weighted least squares fit-
ting where varying weights are assigned to each landmark to
penalize points that are further away from the current model in-
stance than the average. In the work of Rogers and Graham [10],
the weights are calculated using robust estimators applied to the
shape residuals or by considering the image information at the
landmark points. Duta and Sonka [11] identify outliers as points
that represent a high degree of the total shape variation, and re-
place these points by the corresponding mean values in the shape
model. In the work of Li and Chutatape [12], the points that are
at a distance to the current model instance beyond a predefined
threshold are considered as outliers and subsequently rejected
from the model fitting procedure.

Although the above methods introduce marked improve-
ments to the ASM search, their actual performance is compro-
mised as the number and the extent of the outliers increase,
especially for volumetric segmentation. The purpose of this
paper is to present a new outlier detection method that is robust
to the number and extremity of the outliers. The proposed
method uses a shape metric that is invariant to scaling, rotation
and translation using the ratio of inter-landmark distances. This
metric can be used as a local shape dissimilarity measure, and
thus is ideal for outlier identification. For the proposed method,
statistical tolerance intervals for the descriptors are calculated
from the training samples and used as a tolerance model to
infer the validity of the feature points. Instead of rejecting or
replacing the identified outliers by their corresponding mean
values, the configuration of the valid points (inliers) is used
with the tolerance model to derive a replacement value for the
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outliers. After the correction is carried out, the shape residuals
become normally distributed, thus allowing a robust shape
instantiation by the ASM. The geometrical knowledge gathered
using the invariant descriptors at each iteration is propagated
to successive iterations for feature point detection. This limits
the presence of outliers and improves the convergence of the
segmentation process. The practical value of the technique is
validated with different 3-D magnetic resonance (MR) segmen-
tation tasks, including the inner vessel lumen and outer vessel
wall of the carotid artery, and the endo-cardial and epi-cardial
borders of the left ventricle (LV).

II. METHODS

A. Outliers in Statistical Shape Models

In ASMs, shapes in 3-D can be represented from a set of
landmarks by using a concatenated vector of the coordinates

. The main
modes of variation are extracted from the training samples
through eigen-decomposition by applying Principle Compo-
nent Analysis (PCA). New instances of the shape can then be
obtained by varying the shape parameters of the following
equation:

(1)

where is the mean shape, is a matrix containing the eigen-
vectors corresponding to the principle axes of variation, and a
weighting vector that varies within limits prescribed by the al-
lowable shape domain to ensure new shapes to be valid.

ASMs can also be used as a deformable template for image
segmentation, which involves feature point search, pose param-
eters calculation, and shape parameters estimation. The search
for feature points is carried out for each landmark in a local
search window , which usually corresponds to a set of discrete
positions located perpendicularly to the current instance of the
shape ( candidates from either side of the point). This involves
the detection of the position that best corresponds to gray-level
characteristics captured from the training samples. To this end, a
number of different strategies have been proposed. Cootes et al.
suggested choosing the points that minimize the Mahalanobis
distance between a gray-level profile calculated in the image
and the mean profile built from the training samples [13], i.e.,

(2)

Other methods include the use of cross correlation between the
mean profile derived from the model and the profile in the image
[14]. Several improved strategies that involve more advanced
feature point detection have also been proposed [15]–[18].

Once the feature points are detected, they must be aligned to
the model by estimating the pose parameters. This is generally
achieved by deriving the transformation matrix that incorpo-
rates scaling , rotations and translations .
For this purpose, the procrustes method [19] is a popular al-
gorithm for finding the parameters that minimize the sum of

squared distances between the feature points and the current
model shape , i.e., by minimizing

(3)

Finally, the shape parameters are calculated by minimizing
the sum of squared distances between the current model shape

and the projection of the shape onto the model centered
coordinate system

(4)

Both (3) and (4) involve least squares minimization, which
is known to be sensitive to large residuals and performs well
only under the assumption of normality [20]. Hence, when erro-
neous points are present amongst the feature points, significant
errors in the estimation of both the pose and shape parameters
can be introduced, thus leading to poor segmentation results.
Fig. 1 shows typical examples illustrating the effect of the out-
liers on the ASM search. In Fig. 1(a), only one outlier is present
amongst the feature points, in which case most of the bound-
aries were recovered by the ASM search, but noticeable error is
introduced to the final shape near the outlier. In practice, mul-
tiple outliers can be generated during the feature point detection
stage either due to artifacts or weak features [Fig. 1(b)]. In these
cases, the corresponding ASM model fitting errors can increase
significantly. Furthermore, these outliers can be clustered into
a group [Fig. 1(c)], which can further hamper the ASM search
procedure.

In practice, erroneous feature points are inevitable despite
the steady improvement in image quality. The effect of the out-
liers on the segmentation accuracy is directly linked to their per-
centage as well as their extremity, i.e., the distance of the out-
lier to its correct position. As the influence of these two factors
increases, the errors involved in pose and shape parameter esti-
mation also accumulate. In this case, it is difficult to distinguish
between the valid points and the outliers from the residual distri-
bution as the shape is often dragged away from its real position.
To tackle this problem, an invariant shape metric is proposed for
outlier handling in both two-dimensional (2-D) and 3-D ASM
search. The method allows the identification of outliers indepen-
dently of the model fitting procedure.

B. Invariant Shape Metric

The proposed outlier handling method is based on the use of
an invariant shape metric; the ratio of interlandmark distances,
which can be calculated from any triplet of points
as follows:

(5)

In addition to being fully invariant to scale, translation, and
rotation, the ratio of distances has other properties that make
it ideal for outlier analysis. First, it represents the relative geo-
metrical configuration of landmark points, thus each point can
be analyzed with regard to the position of other points in the
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Fig. 1. Two-dimensional examples illustrating the effect of the outliers (shown as crosses) on the ASM search. Here, (a) shows examples with a single outlier, (b)
with multiple outliers, and (c) with clustered outliers.

shape. Second, it allows a subdivision of the shape into subsets
of points, with the aim of distinguishing the subset of erroneous
points from the inliers. In each triplet of points, six different ra-
tios can be derived, but by the use of symmetry only three are
considered. With triplets, the object can be represented by
using the following vector:

(6)

The main advantage of this descriptor is its ability to perform as
a geometrical measure for shape comparison, and thus can be
used as a local shape dissimilarity metric for detecting subsets
of the shape that are inconsistent with the model. We show in
the next section how to construct such a model and calculate the
associated dissimilarity likelihood measures.

C. Tolerance Model for Outlier Detection

With the invariant shape metric presented above, each land-
mark is associated with a set of ratios. The idea behind the pro-
posed method is that the outliers are inconsistent with the corre-
sponding landmark points in the training samples and thus some
of the associated ratios are invalid. The first step of the process
is, therefore, to find a suitable definition for extreme or invalid
ratios, which can be achieved by using tolerance analysis [21].
Statistical tolerance intervals are calculated from the training
samples and any ratio found outside of the interval is considered
as an extreme value, which indicates the presence of an outlier.

Let be the cumulative distribution function of a ratio , the
corresponding statistical tolerance interval is a
two-sided tolerance interval with -content and -confidence if

(7)

This equation indicates that at least a proportion of the pop-
ulation will lie within the interval with confidence co-
efficient . In most applications, each ratio of the interlandmark
distances can be assumed to follow a Gaussian distribution, in
which case it can be shown [22] that the statistical tolerance in-
terval, i.e., the solution of (7), can be calculated from the mean

and standard deviation in the following form

(8)

where is the two-sided tolerance factor, which can be approx-
imated by [23]

(9)

where is the sample size, is the upper
quantile of the standard normal distribution, and is the
lower quantile of the chi-squared distribution with de-
grees-of-freedom.

In some cases, the distribution may not be Gaussian or known
at all, depending on the datasets chosen for training and their
corresponding type (normal, abnormal subjects). In such cases,
nonparametric tolerance intervals should be used. They can be
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calculated based on the smallest and largest observations [24]
i.e.,

(10)

In this case, combinations of confidence and coverage coeffi-
cients that match the distribution-free tolerance interval can be
calculated by using the following [25]:

(11)

To use the vector of ratios in (6), some triplets must be se-
lected amongst the possible combinations.
The exhaustive use of all the ratios can be time consuming if
the number of landmarks is large. Moreover, due to covari-
ance between landmarks, some of the ratios can have large tol-
erance intervals, and thus are not useful for, or even detrimental
to, outlier detection. Therefore, it is more efficient to select a
subset of the ratios. To this end, two possible approaches can be
used. One is to group the landmarks into segments of smaller
number of points with low covariance according to morpholog-
ical or topological criteria. This option was used in [26] to tackle
the over-fitting problem in ASM. In this case, the ratios used to
construct the tolerance model are all within the selected groups.
An alternative approach is to select for each landmark at least

ratios that have the smallest average intersection of the tol-
erance intervals with the local search window based on the
training samples. These selected ratios are ideal for outlier de-
tection as they can capture movements of the point from its cor-
rect location. This approach was used in the experiments.

By using the tolerance interval, a likelihood measure is
calculated for each ratio to detect extreme values due to
potential outliers. Typically, this measure is equal to 1 if the ratio
is within the tolerance interval and 0 otherwise

(12)

Since three points are associated with each interlandmark
ratio, it is not straightforward to identify which point is an out-
lier when a particular ratio falls outside of the tolerance interval.
However, it is possible to estimate the likelihood of a point
to be an inlier by summing all the ratios, i.e.,

(13)

where is the number of triplets that landmark is associ-
ated with. After the calculation of for all the feature points, an
iterative procedure is used for the outlier detection. At each iter-
ation, the point with the lowest likelihood measure is rejected as
an outlier and the likelihood measures of the remaining points
are updated by subtracting the contribution of the rejected point.
The procedure is repeated until the lowest likelihood measure is

Fig. 2. Schematic diagram of the iterative outlier detection algorithm.

close to 1, suggesting all the remaining points are likely to be
inliers. The output of this procedure results in two sets of points

and representing inliers and outliers, respectively. This iter-
ative outlier detection procedure is schematically illustrated in
Fig. 2. The limit used to terminate the iterative outlier detec-
tion procedure corresponds to the minimum proportion of valid
ratios for each inlier. We found that choosing any limit close
to the confidence coefficient achieves similar results, as the
main outliers are detected well before reaching that limit, while
the same level of uncertainty is given to both tolerance intervals
calculation and outlier detection.

D. Outlier Correction

Once the outliers are detected, their positions must be ad-
justed so as to eliminate their effect on the ASM model fitting.
A replacement point must be selected from the initial candidate
points in the local search window in the image space, such
that its associated ratios with respect to the inliers are close or
within the corresponding tolerance intervals. This is equivalent
to maximizing the product of the probability density function
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(p.d.f.) of the ratios as defined in (7). The function to maximize
is, therefore, proportional to

(14)

This can be reduced to selecting the point that minimizes the
following least-squares function:

(15)

The value suggested by the above step by using the geomet-
rical information represents a good approximation of the true
boundary position but may not always optimally fit the under-
lying image feature. Therefore, a final local search in the vicinity
of that position is carried out using gray-level information. Only
a few candidate positions around the current point are consid-
ered in this stage ( positions from either side of the point,

in the experiments). After this adjustment, the new plau-
sible shape can be safely generated by the ASM model fitting
procedure.

E. Geometrically Weighted Feature Detection

To prevent outliers from reappearing during subsequent
feature point search, the gray-level based fitness measure is
weighted by a function that is calculated by using the geo-
metric information gathered at the previous outlier detection
procedure. The total fitness measure becomes

(16)

where is the gray-level based distance measure to maximize.
By using the set of inliers, a geometric likelihood measure is
drawn for each search position in the local search window as
follows:

(17)

where is the number of triplets associated with . This func-
tion describes the degree of intersection of the different toler-
ance intervals and takes a value between 0 and 1. By setting

, the region around the true boundary is heavily weighted
and the weight decreases for regions that are further away. Fig. 3
shows an example of a feature point search, where the normal-
ized cross correlation was used as the gray-level fitness measure.
In this example, local search based on gray-level information
alone generates an outlier due to a local maximum located at
an incorrect boundary position as shown in Fig. 3(a). By com-
bining the geometric likelihood measure as shown in Fig. 3(b),
the total weighted cost function of Fig. 3(c) permits the local-
ization of the correct maximum position for the feature point.

It is also possible to limit the extent of the local search, by
considering only positions in the search window with a high

Fig. 3. Example of a feature point search where an outlier is avoided by using
the geometrically weighted fitness measure.

geometric likelihood value, beyond a predefined threshold .
In this case, the weights are calculated as follows:

(18)

Setting is equivalent to using the entire local search
window. In general, the true boundary position lies in a re-
gion of geometric likelihood value that is close to the maximum
value of in the local search window. Therefore, choosing

(with a small number, equal to 0.02 in
the experiments) allows the window to be increasingly restricted
after each iteration. This significantly limits the presence of out-
liers, thus allowing final convergence within a few iterations
while improving the overall accuracy. This combined fitness
measure is mainly required for difficult image search tasks with
a high level of outliers (more than 20%), but can be discarded
otherwise to decrease the time complexity of the segmentation
procedure.

F. Validation

The validation of the technique was carried out on the seg-
mentation of the endo-cardial and epi-cardial borders of the left
ventricle and the luminal and outer wall borders of the carotid
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TABLE I
PARAMETERS OF THE SEGMENTATION FRAMEWORK USED IN THE EXPERIMENTS

artery. These segmentation tasks have different appearance,
topological, and geometrical characteristics. The lumen of the
carotid artery generally has strong edges but can be affected by
residual blood flow artifacts, which often introduce clustered
outliers Fig. 1(c). The outer vessel wall, on the other hand,
usually has poor contrast to surrounding structure and is partic-
ularly prone to noise. The same situation applies to the endo-
and epi-cardial borders of the LV (Fig. 1).

In this study, the carotid artery datasets were collected
from 40 subjects using a 1.5T MR scanner (Sonata, Siemens,
Erlangen Germany), a purpose-built two element phased-array
surface carotid coil and a specially designed head and neck
cushion for immobilization. A 3-D volume-selective TSE
sequence [27] was used with a pixel size of 0.47 mm and
slice thickness of 2 mm. For each dataset, 20 slices around
the bifurcation were selected as a region for measurement.
For the LV datasets, 36 subjects were scanned using the same
scanner and a TrueFISP sequence (TE ms, TR ms,
slice thickness mm, pixel size of 1.5 to 2 mm) within
a single breath-hold. The short axis stack began in the left
atrium above the mitral valve ring, and was continued through
the LV beyond the apex. The acquisition scheme provided a
comprehensive anatomical coverage of the LV as well as its
inflow and outflow tracts.

For all the datasets, manual delineation was carried out by an
expert observer. The statistical shape model was built for each
case with simple point correspondences using the parameters
in Table I. The datasets used for gray-level appearance and
tolerance model construction and evaluation were selected on
a leave-one-out basis. For comparison, the proposed method,
as well as existing ASM techniques (original ASM by Cootes
et al. [1], Rogers and Graham [10], Duta and Sonka [11], and
Li and Chutatape [12]) were applied to the in vivo datasets
using the same ASM parameters (Table I) and initializations.
The method in [10] does not require any additional parameter,

whereas the methods in [11] and [12] require a threshold value
chosen empirically. The method in [9] is a less robust version
of the method in [10] and therefore was not included in the per-
formance comparison. For all methods, a suitable initialization
was required to achieve satisfactory convergence. The mean
shape was used for this purpose and placed close to the centre
of the sample under investigation. The segmentation error was
measured by calculating the absolute point-to-surface distance
from each final point to the corresponding manual delineation.

III. RESULTS

A. Synthetic Outliers

The performance of the technique with respect to different
levels of outliers, both in terms of extremity and percentage, was
first assessed with synthetic outliers introduced to the manual
delineation of the vessel lumen datasets. This was achieved by
perturbation of randomly selected points using non-Gaussian
noise. In the first experiment, the percentage of outliers was
fixed to 25% of the total number of landmarks while their dis-
placement varied between 0 and half the average vessel diam-
eter. In the second experiment, the percentage of outliers gen-
erated from the manual annotations was varied between 0 and
60% and the standard deviation of the perturbation was fixed to
25% of the average vessel diameter. The generated points were
used as feature points for a single iteration of the ASM search
with the proposed outlier handling technique. The experiment
was repeated 10 times, each with different random perturbation.

The reliability of the proposed outlier detection algorithm is
measured by considering the number of false outlier/inlier iden-
tification using the following measure:

(19)
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Fig. 4. Reliability measure of the proposed outlier detector in response to different (a) displacement (in mm) and (b) percentage (%).

Fig. 5. Tolerance of the proposed technique against different (a) displacement (in MM) and (b) percentage (in %) of the outlier.

where is the number of outliers introduced. The outlier de-
tection step was applied to the synthetic feature points for each
sample and the average reliability together with one standard
deviation error bars are plotted against the displacement and the
percentage of the outliers in Fig. 4. The relatively flat curves of
the figure indicate that the proposed outlier detection algorithm
can distinguish the outliers from the valid points with a consis-
tently high reliability, independently of the displacements and
up-to 50% outliers. This is very important as the performance
of the subsequent ASM model fitting relies heavily on the cor-
rect identification of the outliers.

In Fig. 5, the segmentation errors after one iteration of the
ASM search using the proposed outlier detection and correc-
tion algorithms are plotted against the displacement and the per-
centage of the outliers. The results show that the outlier handling
method is accurate despite the extremity of the outliers and the
accuracy is maintained for about up-to 50% of erroneous feature
points, which shows the robustness of the technique. It can also
be seen from Fig. 5(b) that the breakdown point of the algorithm
is situated at about 50%, which suggests that the algorithm can
handle a highly significant amount of misplaced feature points.

B. In vivo Data

For in vivo validation, the average and standard deviation of
the segmentation errors are plotted in Fig. 6 for the carotids

and LV datasets. The corresponding results by using the ex-
isting ASM approaches are also provided for comparison. It
can be seen from the graphs that the proposed technique out-
performs the existing robust ASM methods used for compar-
ison, particularly for the segmentation of the outer vessel walls
and epicardial borders, as they are more prone to outliers, due
to poorer contrast to surrounding structures and low intrinsic
signal-to-noise ratio. Table II provides detailed assessment of
each step involved in the proposed segmentation framework. In
particular, it can be seen that the outlier correction stage im-
proves significantly the position of the feature points before the
application of the ASM model fitting procedure. It is also clear
from the results presented in Table II that the use of the geo-
metrically weighted feature detection significantly reduces the
percentage of erroneous feature points, and therefore enhances
the stability of the algorithm by minimizing the reoccurrence of
the outliers during the iterative segmentation process.

Fig. 7 illustrates the boundary localization results for the im-
ages shown in Fig. 1, demonstrating the improvement achieved
by using the proposed outlier handling algorithm and its ability
in dealing with different outlier distributions. In particular, the
proposed method performs well with clustered outliers [Fig.
7(c)] as the invariant metric used represents the global relative
positions of the points, i.e., each point can be analyzed with re-
spect to the position of other points in the entire shape (not only
in a localized region). For detailed visual assessment in 3-D,
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Fig. 6. Segmentation error of the proposed framework when applied to the different datasets and compared to existing robust ASM methods. The proposed
technique outperforms the existing ASM approaches, especially for the outer wall of the carotid arteries and the epicardial border of the left ventricle. (a) Vessel
lumen. (b) Outer wall. (c) Endocardium. (d) Epicardium.

TABLE II
DETAILED SEGMENTATION RESULTS WITH THE PROPOSED TECHNIQUE

Fig. 8 illustrates how the outliers are detected and corrected for
and the final errors after model fitting with and without outlier
handling. It is evident that in these cases, the ASM search alone
introduces significant errors, especially at regions with localized
outliers, e.g., around the bifurcation point of the carotid artery.

Finally, Table III shows the convergence behaviour and time
complexity of the proposed method as compared to existing
ASM methods. It can be seen that with the proposed technique,
convergence was reached within 25 iterations of the segmenta-
tion process for over 90% of the datasets and before reaching

the maximum number of iterations in all cases, which demon-
strates the stability of the method. Although the time spent on
each individual iteration is longer than the original ASM, the re-
sults also show that the overall time complexity of the proposed
method is better than the existing ASM methods used for com-
parison.

IV. DISCUSSION AND CONCLUSION

Existing research has shown that the ASM is an effective tool
for image segmentation but is susceptible to outliers. Due to the
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Fig. 7. Rectified contours for the examples illustrated in Fig. 1, demonstrating the improvement achieved by using the outlier handling algorithm.

relatively noisy and complex image structures as well as motion
and flow artifacts, detailed 3-D segmentation in many medical
imaging applications has been a challenging task.

The proposed technique presents a number of advantages
over existing outlier handling methods. The use of an invariant
shape metric allows outlier analysis to be based only on shape
information and carried out prior to the least squares mini-
mization procedures of the ASM. Furthermore, the identified
outliers are not rejected or replaced by the corresponding
mean values; a correction mechanism suggests a replacement
point for each outlier before the model fitting procedure. It
is conceivable to estimate the locations of the outliers based
on the conditional probability conditioned on the location
of the inliers. The difference between such a missing data
approach and the proposed outlier correction method is that
the latter suggests replacement points based on geometrical
and statistical information as well as gray-level appearance
information. Thus, the accuracy is increased by finding the true
position of the point which best fits the image data rather than
ignoring completely the variation induced by the landmark in
the estimation of the shape parameters. The outlier correction
approach is particularly useful when the number of outliers or
the shape variability is high and also if the outliers form a local
cluster.

Another important advantage of the method is that the
proposed algorithm performs independently of the extent of
the outliers and can handle a highly significant presence of
erroneous points. The results derived from this study suggest
that when the contrast of the local image features is good and
the amount of outliers is relatively small, the performance of
the proposed algorithm is similar to that of the existing ASM

methods, particularly to those presented in [10] and [12]. As
the number of outliers increases, the advantage of the proposed
method becomes more evident, as shown in Fig. 6 where
existing techniques have resulted in large residual errors for the
outer vessel wall of the carotids and epicardial borders of the
LV. Finally, the technique uses a geometrically weighted fitness
measure for feature point search which exploits outlier analysis
results from successive iterations and prevents outliers from
reappearing at subsequent iterations. This makes the technique
more stable and allows achieving final convergence within
a few iterations.

It must be noted that the performance of the proposed tech-
nique can be affected beyond 50% outliers. This is due to the
fact that the algorithm detects the largest subset of points that is
consistent with the statistical tolerance model. Therefore, when
more than half of the feature points are outliers, it is possible that
these points lie in a configuration such that they are identified
as valid points. In this case, the technique can fail as it relies on
a good identification of the outliers. This is the main limitation
of the method but it can be argued that this situation is unlikely
in practice.

In this paper, the construction of the statistical shape model
and the model fitting procedure were achieved by using the
ASM in its standard form. No changes were made to the ASM
itself in order to show the general applicability of the method,
but the proposed outlier detection technique can be applicable
to other extensions of the ASM framework. Furthermore, the
method was presented in its simplest form and some adapta-
tions can be introduced. For example, a final outlier detection
step could be added after the outlier correction to detect any re-
maining outliers, which are then rejected during the model fit-
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Fig. 8. Two examples illustrating the distribution and extent of 3-D surface localization errors after the application of (a) the outlier detection and correction
algorithms and (b) the subsequent ASM model fitting. In (c), without the proposed outlier handeling step, the ASM search introduces significant errors.

TABLE III
COMPARISON OF CONVERGENCE PROPERTIES AND TIME COMPLEXITY OF THE DIFFERENT ASM METHODS

ting procedure. Alternatively, the outlier detection and correc-
tion stages can be iterated until no further outlier is detected.
It is also worth noting that the geometrically weighted fitness
measure is mainly used to limit the reoccurrence of the outliers
in challenging segmentation tasks, with particularly high level
of erroneous points (more than 20%).

The outlier handling algorithm presented in this paper intro-
duces three main parameters ( , and ). The two-sided tol-
erance factor is calculated from the coverage and confidence
coefficients, equal to 0.99 and 0.95 in the experiments, respec-
tively. These are typical settings in tolerance analysis that allow
a suitable coverage of most of the variation. The threshold for
terminating the iterative outlier detection algorithm should be
chosen as equal or close to the confidence coefficient, to allow
the same level of uncertainty in both tolerance intervals calcula-

tion and outlier detection. The choice of the third parameter is
not critical as it is mainly used to restrict the local search window
and any value around 0.05 gives fairly similar results. It can be
seen from the experiments (Table I) that identical parameters are
used for the carotids and LV datasets despite their differences
in image characteristics and geometry. The proposed technique
does not require case-specific or subject-specific tuning of these
parameters.

In summary, we have presented a robust outlier handling
strategy that is immune to the extremity of the outliers and
performs well in the presence of a highly significant level
of erroneous feature points. The experimental results on the
MR volumetric segmentation of the carotid artery and the left
ventricle demonstrate the robustness of the algorithm and its
potential clinical value.
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