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Reliability Estimation for Statistical Shape Models
Federico M. Sukno and Alejandro F. Frangi, Senior Member, IEEE

Abstract—One of the drawbacks of statistical shape models is
their occasional failure to converge. Although visually this fact is
usually easy to recognize, there is no automatic way to detect it.
In this paper, we introduce a generic reliability measure for sta-
tistical shape models. It is based on a probabilistic framework and
uses information extracted by the model itself during the matching
process. The proposed method was validated with two variants of
Active Shape Models in the context facial image analysis. Experi-
mental results on more than 3700 facial images showed a high de-
gree of correlation between the segmentation accuracy and the es-
timated reliability metric.

Index Terms—Face recognition, reliability, statistical shape
models.

I. INTRODUCTION

S INCE their publication more than a decade ago, Active
Shape Models (ASMs) [10] have attracted considerable at-

tention of the research community. ASMs are based on land-
mark points, whose local intensity distributions and the statis-
tics of the shapes they define are learnt from a training set; that
is, an already segmented set of images of the class of objects to
be segmented. This way, ASMs are able to deal with very dif-
ferent types of objects, just by choosing an appropriate set to
train them with. Some examples can be found in [10], [24], or
[45], just to mention a few, which analyze people’s silhouettes,
hands, and human hearts, respectively.

Several extensions have been proposed to the original
method. Improvements to the image model [46], [52], handling
of out-of-plane rotations [14], [37], 3-D modeling [13], [33],
and spatio-temporal extensions [19], among many others.
Active Appearance Models (AAMs) [8] can also be seen as
an extension of ASMs, with enough success to have gained
independent entity, and their own further extensions.

One of the drawbacks of ASMs, however, is their occasional
failure to converge. This situation is illustrated in Fig. 1: the
shape model was supposed to locate the contours of the face,
but it has not succeeded. Although visually this fact is very
clear, the method itself does not provide an automatic way to
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Fig. 1. Three examples of ASM matches to a face image. Two of them (in dark
color) are clearly wrong (e.g., due to a bad initialization).

detect such failure. In other words, it does not provide any reli-
ability measure of the result. In fact, in spite of some attempts
to define smarter strategies [11], [27], [51], the segmentation
process is usually stopped by imposing a maximum number of
iterations rather than by a convergence criterion [47]. The situ-
ation changes in AAMs, since they seek for the convergence of
the represented texture, but they can still converge to a wrong
result [9].

This is especially important when ASMs are intended to be
used into fully automatic systems. For example, face recognition
applications such as [23] and [26] rely on the segmentation of
facial features to determine identity. Results like the ones shown
in Fig. 1 hamper any recognition attempt, and avoiding (or at
least automatically detecting) this kind of situations may be of
great advantage.

Some (partial) solutions have been proposed in the literature,
mainly focused on specific applications. Wan et al. [48] and
Heimann et al. [21] replaced the traditional matching process
of ASM by evolutionary optimization algorithms: a number of
possible solutions are randomly generated and a fitness function
is evaluated to determine the samples that will survive to the
next generation. In the case of Wan et al., the fitness function
was designed ad hoc for the problem being addressed, while
Heimann et al. employed an estimate of probabilities provided
by the kNN classifier they used for the local image search of
each landmark.

Li et al. [27] use a number of thresholds to discard incor-
rectly matched points from the shape optimization by defining a
measure of shape change as the average change of the landmark
positions. They declare convergence when the shape change
is below some threshold for at least five iterations in order
to handle the oscillatory behavior exhibited by this measure.
The proposed method appears to improve the stability of the
matching process, although for some cases the number of itera-
tions is far over 100, indicating the difficulty to converge, and,
most importantly, convergence does not guarantee an accurate
result. The concept of discarding outlier landmarks to make the
matching process more robust has also been applied to AAMs
by Gross et al. [18] and Theobald et al. [44].

On the other hand, unreliable outputs are not a problem spe-
cific to ASMs nor to facial biometrics. Automatic measures of
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reliability have been investigated since a few years for classi-
fier fusion in multimodal biometrics [38]. In that context, it has
been related to the degree of trust offered by a unimodal clas-
sifier decision [7], [25]. Thus, reliability measures are used to
dynamically weight the outputs from the different modalities
and enhance the performance of the multimodal system. Several
metrics have been proposed to measure reliability [15], [36], but
mostly focused on classification tasks, and none focused on sta-
tistical shape models.

In this paper, we introduce a reliability measure based on a
probabilistic framework [41]. It uses the information extracted
by the model itself during the local image search for each land-
mark (as opposed to [48] in which additional image processing
is required). Therefore, it can be applied to statistical shape
models in general. For example, if applied to the standard ASMs
it would use the Mahalanobis distance of the gray-level profiles
(GLPs), but it may as well be used with several extensions based
on different metrics for the local image search. A number of
authors have indeed focused on the study of such metrics, like
Haslam et al. [20], Behiels et al. [3], Wimmer et al. [49], or
Theobald et al. for AAMs [44].

Our goal is that, for each segmented image, the matching
process provides two different outputs: the segmentation result
(the estimated landmarks’ position) and a confidence measure
for the segmentation result. We demonstrate the usefulness
of the proposed approach with ASMs [10] and Invariant Op-
timal Features ASMs (IOF-ASMs) [43] using four different
face databases: XM2VTS [31], AR [30], Equinox [40], and
AV@CAR [34].

II. ACTIVE SHAPE MODELS

This section presents an overview of the Active Shape Model
(ASM) of Cootes et al. [10] and the Invariant Optimal Features
extension (IOF-ASM) [43]. The explanation is kept parallel for
both methods emphasizing the differences when appropriate.

A. Training Process

During the training process a set of annotated images (the
training set) is analyzed. The annotations consist on a set of
points (landmarks) defining the contours of interest in the
image. The statistical model must learn how to automatically
locate this group of landmarks (hereinafter the shape). Shape
statistics are learnt by means of Principal Component Analysis
(PCA) of the landmarks in the training set. On the other hand,
the statistics for the appearance are learnt locally for each
landmark. Therefore, both ASM and IOF-ASM have one shape
model or PDM (Point Distribution Model) and as many appear-
ance models as the number of landmarks composing the shape.

Each appearance model of ASM is constructed by computing
second order statistics for the normalized image gradient, usu-
ally known as the profile: a fixed-size vector of values sampled
along the perpendicular to the contour such that the contour
passes right through the middle of the perpendicular.

In IOF-ASM each appearance model can be thought as a
texture classifier plus a robust decision block. The inputs to
the classifier are features based on image derivatives computed
in the neighborhood of the landmark. Those image derivatives
are appropriately combined to generate differential invariants to

Fig. 2. Snapshot of the iterative segmentation process for IOF-ASM. The
(upper) image shows part of a face with the current fitting of the model (solid
line) and the candidate positions to displace one of the landmarks. The outputs
from the texture classifier are displayed below, for three of those positions.

rigid transformations, giving the name to the method (for dif-
ferential invariants please refer to [16] and [39]). Once trained,
the texture classifier receives image features and returns the dis-
tance to the most likely position for the landmark. The robust
decision block does not require any training and it is explained
below.

B. Model-to-Image Adaptation Process

When the shape models are used for segmentation, only two
inputs are required: an image containing a face and a starting
guess of the face position (e.g., provided by a face detector).
The process begins by placing an average shape at the initial
position on the image. Subsequently, at each iteration and for
each landmark, the corresponding appearance model is asked
about the best position to place the landmark (there are only
a few allowed positions to move the landmark, determined by
its previous position and the search range the image model is
assigned). Then, the landmarks are constrained by the PDM so
that they generate a plausible shape. A predefined number of
iterations are executed after which the model is assumed to be
fitted.

The criterion used by the appearance models of ASM is
the minimization of the Mahalanobis distance based on the
Gaussian model learnt during training.

In IOF-ASM, instead, the texture classifiers were trained
to estimate the distance to the correct landmark position.
Hence, when the values analyzed over the candidate positions
are plotted we should obtain a “V”-shaped profile. Fig. 2
schematically illustrates this: there are seven candidate posi-
tions (including the current one) and, as the evaluated position
departs from the face boundary, the profile shape deforms more
and more with respect to the ideal “V”.

After the texture classifier evaluated each position, the robust
decision block determines which one best matches the expected
“V”, and whether the coincidence is good enough to trust the
choice. Specifically, at least two thirds of the profile points sup-
porting one candidate position are required in order to validate
the choice. In the cases when all candidates are too far from the
V profile, instead of moving the landmark to the least worse po-
sition, it is kept unchanged (see [43] for details).
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III. ESTIMATING THE RELIABILITY OF THE SEGMENTATION

Either due to a wrong initialization or simply because of a
segmentation failure, there are cases in which the statistical
shape models produce quite incorrect segmentations. For ex-
ample, in [9], the segmentation of 400 facial images failed to
converge for 1% and 1.6% of the test data, using ASM and
AAM, respectively.1 The problem is that, if no manual anno-
tations are available, the mode-to-image adaptation algorithms
for statistical shape models cannot, in general, tell whether the
segmentation results are reliable or not.

The IOF-ASM provides a straightforward way of estimating
the reliability of the obtained segmentation: the robust decision
block of the landmarks’ appearance models. As it was explained
in Section II-B, these blocks determine which is the best position
to displace each landmark, and if that position is good enough
(reliable) or not. In other words, they tell if the appearance of
the image matches the expected appearance learnt for each land-
mark from the training set. In the next section, we show that this
idea can be extended to shape models in general.

If the obtained segmentation is accurate enough, most of the
landmarks are close to their correct positions on the image.
Therefore, in this case, the appearance-based search should be
reliable for most landmarks.

A. Defining Reliability

Let be the th image in the training set, its associated
shape and the (automatic) fitting obtained for image . Each
shape is composed by the concatenation of the and coordi-
nates of landmarks

(1)

(2)

Since is in the training set, there is a set of landmarks manu-
ally annotated for it that provides the ground-truth. The segmen-
tation error for the th landmark of is denoted as , and the
averaged segmentation error of the whole shape as

(3)

(4)

where is a distance measure between and .
The appearance model for each landmark is assumed to pro-

vide a binary variable indicating whether its fitting was esti-
mated as reliable or not . The reliability can
be thought of as an estimation of the random variable , which
indicates whether landmark of shape is correctly placed (i.e.,
its error is below a certain threshold):

(5)

1The failure was declared when the average distance from the automatic seg-
mentation to the hand-annotated landmarks was greater than ten pixels.

where takes one if is true and zero otherwise, In other
words, we will say that a landmark position is correct or accu-
rate, when its distance with respect to the ground-truth position
is smaller than a threshold. The term reliable will be employed
to indicate the estimation performed by the image model.

An important component of the above equations are the
values for . These thresholds determine whether the land-
mark positions are considered correct or not. An interesting
criteria to define this is proposed in [29], based on the precision
of the method: by computing the segmentation error in the
training set, the author estimates the expected value of the
method’s error. This value is the intrinsic precision of the
algorithm, so it can be used as a threshold to determine its
success or failure in individual cases.

As opposed to [29], in which a global threshold was used, we
compute a separate threshold for each landmark, as statistical
shape models usually provide different localization accuracy for
each of the landmarks [6]. Formally

(6)

being the number of images in the training set.
Notice that, as ASM-based segmentation is an iterative

process, the above equations have an implicit dependency on
the iteration number, . Hence, we should write: ,

and . For the sake of clarity, this depen-
dency will be omitted until Section III-G, with the following
exception:

(7)

as the precision of the algorithm should be computed at the final
iteration, .

B. Estimating Reliability From the Appearance Model

In the above formulation, the appearance model of each land-
mark is asked to provide an estimation of the reliability of the
current placement (for that landmark).

In general, the appearance of statistical shape models is eval-
uated according to a certain distance, or dissimilarity metric.
For example, in the seminal ASM of Cootes et al. [10] the
Mahalanobis distance of the intensity gradient is employed. Let

be the dissimilarity calculated by the appearance model for
landmark of shape . We define

(8)

where the threshold is chosen to maximize the mutual infor-
mation between and across the training set

(9)

where is the mutual information between and .
This is a natural choice, since we seek for a variable that
provides information about based on appearance data [22].
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Fig. 3. Example of the distribution of the Mahalanobis distances of gray-level
profiles (GLP) for a given landmark when using ASM (bottom), and the re-
sulting mutual information between � and �� when varying the threshold that
divides reliable and unreliable estimates (top). The dashed line indicates the
threshold maximizing the mutual information.

Fig. 3 shows an example of the distribution of for ASM
(the Mahalanobis distances of the gray-level profiles) and the
resulting mutual information when varying the threshold .

C. Reliability of a Whole Shape

Analogously to the reliability for each landmark, we can de-
fine the reliability of shape as a whole. We denote it as ,
or simply when it refers to a generic shape and clarity is not
compromised. To decide whether a shape is reliable or not, we
compute the segmentation error averaged for all its landmarks,
and compare it with the accuracy expected from the segmenta-
tion algorithm, so that each shape can be classified as follows.

Reliable : When it has reached the accuracy
expected from the algorithm (below the threshold ).
Unreliable : When its error is unaccept-

ably high compared to the accuracy expected from the al-
gorithm (above a second threshold, ).
Undefined : When it does not meet either

of previous criteria. The segmentation error falls within
.

Following [29], the definition of the threshold is evidently
the average of all . On the other hand, stands for cases
when the error is far above and the algorithm has, there-
fore, failed in performing an acceptable segmentation. To set
this threshold, we adopt the outlier criterion of [17]

(10)

where and are the lower and upper hinges (or quartiles),
respectively. Recall that and are calculated only on the

samples corresponding to the final iteration, , after the
segmentation process has been completed.

D. Total Probability Formulation

With the law of total probability, the probability of a shape to
be reliable, , can be estimated from the conditional
probabilities with respect to and its complementary, .
In this way, estimators are available for , one per

landmark. We define the reliability score of a shape as
by averaging all of them

(11)

where is the probability of the shape to be
accurately segmented given that the th landmark is estimated
as reliable by the appearance model.

The estimation of can be performed only after appro-
priate training. This training involves two steps: 1) estimating
the involved probabilities, and 2) determining the thresholds
to map into the categories defined in the previous section,
namely reliable, unreliable, and undefined.

E. Conditional Probabilities

The conditional probabilities in (1) measure how much can be
known about the segmentation accuracy based on the estimated
reliability of each landmark.

The estimation of the conditional probabilities can be com-
puted from the training shapes and their respective model
fittings at each iteration. That is, the number of available
samples per landmark is , being the number of
training images and the number of model iterations. For
each of these samples, there is information about how precisely
each landmark was located.

In most ASM-based approaches, the image search process
is performed independently for each landmark. Indeed, it was
pointed out in Section II that each landmark has its own image
model. The coherence or plausibility of the shape is enforced
later, at the regularization step (also known as shape restriction
step) based on the Point Distribution Model (PDM).

Therefore, as long as the segmentation error in (3) is evaluated
before the PDM restrictions are applied to the landmarks, it is
reasonable to assume that the value of computed by the
appearance model of the th landmark is not affected by the
position of any other landmark, but the th. In such a case, an
expression for is derived in Appendix A

(12)

where are ratios learnt over the training set for landmark
[see (32)–(34) in Appendix A]. Specifically, if were the

samples estimated to be reliable, the samples actually reli-
able (accurate), and the ones both accurate and estimated
as reliable, then

(13)

Authorized licensed use limited to: UNIVERSITAT POMPEU FABRA. Downloaded on September 25, 2009 at 05:40 from IEEE Xplore.  Restrictions apply. 



2446 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 17, NO. 12, DECEMBER 2008

Fig. 4. Example of reliability scores and their respective segmentation errors,
for segmentations of the XM2VTS database downsampled by a factor of 16.
The different colors indicate how each sample is classified: reliable (black),
unreliable (light-gray), or undefined (dark-gray).

(14)

(15)

The ratios in (12) denote the a priori probability for a
given sample to have the landmark accurately placed. In the
absence of any evidence, this probability could just be assumed
constant for all landmarks (i.e., ), transforming (12) into

(16)

The convenience of such simplification may be debatable,
but it is useful to show that the result obtained for can also
be interpreted as a weighted sum over the landmarks regarded
as reliable based on the appearance model. The weights,
and , account for the degree of correlation observed on the
training set between the fitting error, , and the estimated re-
liability of each landmark, .

This point of view brings up an interesting aspect regarding
the two terms of the summations in (16). The first one, involving

, increases each time a landmark is estimated as reli-
able by the appearance model. Its weighting factors were
estimated as the fraction of reliable cases for which
the landmark was actually correctly placed .

Furthermore, the second term increases each time a
landmark is declared nonreliable by the appearance model.
Its weighting factors were estimated as the fraction of
nonreliable cases for which, however, the landmark
was correctly placed .

F. Defining Reliability Thresholds

Fig. 4 shows an example of estimated reliability versus seg-
mentation error. Each point on the plot corresponds to a pair

for one of the samples mentioned before. The
linear relationship between and is shown by displaying the
first Principal Component of the cloud of points (dashed line).

The horizontal line at is the expected precision of the al-
gorithm. Shapes whose segmentation error is smaller than
have completed a successful (or accurate) process. On the other

hand, when the error is considerably higher than the seg-
mentation result is not accurate enough, which is indicated by

.
From the linear relationship of and , the thresholds

and get univocally determined once and have been
set. The point colors on Fig. 4 indicate this latter division. The
light-gray samples are estimated as unreliable and they are
expected to be above . The darkest color indicates samples
estimated as reliable, expected to be below . The re-
maining samples are undefined, possibly in the middle of
a converging (or diverging) matching process. With the help of

and , the scores can be mapped into these three classes,
similarly to the division defined for in Section III-C. There-
fore, such division on the horizontal axis provides an estimation
to , say .

During the segmentation of a new image not in the training
set, the only information available will be the one on the hori-
zontal axis. Thus, by computing we will try to infer the accu-
racy of the automatic segmentation of this new image.

G. Incremental Accumulation of Reliability Evidence

The formulation presented in the previous sections was con-
cerned with the reliability of a certain shape fitted to an image
(a single iteration in ASM-based approaches). However, we are
interested in the final result of the segmentation process, which
involves a number of iterations.

The iterative nature of ASMs can be useful in two aspects.
First, it can add a prior to the estimation of , as each it-
eration is clearly dependent on the previous one. Second, it en-
ables for the accumulation of evidence, for example by using
Bayesian chaining [2]. By adding the argument to indicate
the iteration number (as introduced in Section III-A), Bayesian
chaining can be formulated as

(17)

where —or simply —is the updated prob-
ability of accuracy of the segmentation given the new evidence
provided by available at iteration . In terms of likeli-
hoods, a proportionality relation can be derived from (17)

(18)

This formulation, however, must be corrected, as it does not ac-
count for the dependence between subsequent iterations. There-
fore, in our case

(19)

The accumulation of evidence through the complete iterative
process can then be summarized as a likelihood product. Thus,

is proportional to

(20)

As it was already mentioned, there are three hypotheses avail-
able for : reliable, undefined, and unreliable.
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Fig. 5. Example of the segmentation of a facial image from the XM2VTS data-
base. The landmarks are displayed in different colors according to their esti-
mated reliability �� � ��������� � � 	
���������.

The one with the highest likelihood product is the class assigned
to the whole iterative process.

H. Summary of the Method

As it was previously stated, the objective of our reliability
estimator is to determine whether a certain precess of model
matching can be trusted or not. Algorithm 1 details the reliability
estimation step by step.

Algorithm 1: Estimation of the Reliability of the
Model-to-Image Matching

1: for (all iterations) to do
2: for (all landmarks) to do
3: Estimate from (8)
4: end for
5: Compute score from (12)
6: Compute (and store) by thresholding
7: end for
8: for (all hypotheses) to 1 do
9: Initialize likelihood product to

10: for (all iterations) to do
11: Update likelihood product using (20)
12: end for
13: end for
14: Decide for the hypothesis with highest likelihood product

The proposed method starts off by estimating whether each
landmark placement is individually considered reliable. Such
decision is made based on the dissimilarity metric of the ap-
pearance models (lines 2 to 4 of Algorithm 1). An indicative
example is presented in Fig. 5. It shows a model fitting to a facial
image, where landmarks have been painted in different color de-
pending on whether they were estimated as reliable (dark-gray)
or not (light-gray).

At a second step, the whole shape is analyzed (line 5). It
would be expected that in an accurate segmentation most land-
marks would be reliable and vice versa. Hence, the global re-
liability score of the shape, , is estimated as a weighted av-
erage of the individual reliability of all landmarks. The weights
take into account how accurate individual estimates are. For ex-
ample, in Fig. 5 the landmarks on the eyes seem to be accurately
placed , but some of them have been estimated as un-
reliable . On the other hand, the reliability estimations

Fig. 6. Example of the iterative segmentation process. The top plot shows the
segmentation error (solid line) and the thresholds � and � . The markers in-
dicate whether each iteration was regarded as reliable � �, unreliable
( ), or undefined (�). The bottom plot shows the evolution of the likelihoods
for the whole process to bereliable (dark line) orunreliable (light line).

of the landmarks in the silhouette contour correlate better with
the accuracy of their placement. If this behavior is consistent
through the training set, then the estimations of the silhouette
will have higher weights than those of the eyes.

The global reliability of the shape can be estimated at each it-
eration of the model fitting. This not only increases the number
of samples available for the estimation, but also allows for mon-
itoring the behavior of the segmentation process (lines 8 to 13).

The concept is illustrated with an example in Fig. 6. The
upper plot shows the evolution of the segmentation error

together with a marker indicating the reliability es-
timated at each iteration, . These individual estimations
are combined as indicated in (20) to calculate the likelihood
products for the reliable and unreliable hypotheses, as
shown in the lower plot.

At the beginning of the process, the segmentation error is
high, and the estimated reliability low, enforcing the hypothesis
that the segmentation is unreliable. As the model iterates,
the error diminishes and the samples get more frequently re-
garded reliable by our method. Above iteration number 10 there
is a long sequence of reliable samples, strongly supporting
the hypothesis of a reliable segmentation.

It is also interesting to analyze the precision of the global reli-
ability estimates at each iteration. In the example of Fig. 6 most
of the times the estimates are correct, but a few mistakes are
also present (that is ). For example, at iteration
2 the segmentation error was undefined while the sample
was regarded as unreliable, and at iteration 6 the segmenta-
tion error was again undefined and this time it was estimated
as reliable. These mistakes are not surprising. Indeed, they
match what was shown in Fig. 4: there is a strong correlation be-
tween segmentation error and reliability estimates, but the pre-
diction of based on is not perfect.

The accumulation of evidence by means of (20) improves the
robustness of the method against failures of the individual esti-
mates. For example, in Fig. 6, the 18th iteration was regarded
as undefined, which may lead to an incorrect decision, with
strong dependency on the last iteration analyzed. However, pre-
vious evidence filters the contribution of this sample (by means
of the likelihood product), and suggests that the accumulated
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TABLE I
SEGMENTATION ERRORS [PIXELS] ON AR DATABASE

likelihood supporting the process being reliable is clearly
higher than the one of being unreliable.

IV. SEGMENTATION RESULTS

In this section, experiments demonstrating the performance
of the proposed method are presented. Three datasets were used:
a subset of 532 images from the AR database [30], showing
four different facial expressions for 133 individuals; a subset of
546 images from the Equinox database [40], containing six dif-
ferent images for 91 subjects, and the XM2VTS database [31],
composed of 2360 images (8 for each of 295 individuals). The
first two datasets were manually landmarked with a 98-point
template [42]. For the XM2VTS database, annotations with a
64-point template were obtained from [1].

Three ASM and IOF-ASM models were constructed (one for
each database). The parameters used for the construction of the
models were the same detailed in [43], and the thresholds and
coefficients for the reliability computation were estimated fol-
lowing Section III. The training sets consisted in 180 images for
the AR database, 186 for Equinox (as in [43]) and 400 images
for the XM2VTS database, corresponding to the intersection of
the training sets for both configurations of the Lausanne pro-
tocol [31].

The first experiment consisted in segmenting the images of all
datasets and computing the corresponding reliability scores. Ta-
bles I–III show the averaged point-to-curve distance (in pixels)
for all the shapes , and separately for the ones regarded
reliable and unreliable . The standard
error is also indicated, as well as the number of images be-
longing to each class. The errors for each face were normalized
dividing by 1% of the distance between the centers of the eyes
(from the manual annotations). All segmentation errors reported
in this paper were normalized following this criteria, to enable
comparison across databases.

The correlation between the estimated reliability and the seg-
mentation error is evident. In all cases there was a statistically
significant difference between and (a t-test showed
confidence larger than 95% in all cases).

A careful analysis of Tables I, II and III suggests another
important conclusion: the accuracy of the reliable segmen-
tations was better extrapolated to a different database than the
overall segmentation error. For example, the IOF-ASM model

TABLE II
SEGMENTATION ERRORS [PIXELS] ON EQUINOX DATABASE

TABLE III
SEGMENTATION ERRORS [PIXELS] ON XM2VTS DATABASE

trained with the AR database achieved an average segmenta-
tion error of 1.63 pixels on the AR database, which increased to
5.22 pixels on the XM2VTS database % . On the other
hand, the error for the segmentations estimated as reliable
increased only from 1.54 to 2.75 pixels. The same trend was ob-
served for both models in the three datasets employed.

The results are further illustrated in Fig. 7, focusing on the
XM2VTS database. Notice the evident separation in the seg-
mentation accuracy of the samples estimated as reliable and un-
reliable. The curves in Fig. 7 are analogous to the error rate
curves [5] used in verification experiments. In this case, the
classes to separate are the accurate and inaccurate segmenta-
tions, and the threshold varying through the horizontal axis is
the segmentation error. The black curves are the equivalent to
the False Acceptance Rate (FAR), as they show the proportion of
segmentations that have been considered reliable although
their segmentation error exceeds the value indicated by the hor-
izontal axis, and the light-gray curves show the False Rejection
Rate (FRR): the proportion of segmentations misclassified as
unreliable, since their segmentation error was below the
value indicated by the horizontal axis. It is remarkable the very
low FAR that can be obtained setting this threshold at about six
pixels.

Additionally, Fig. 8 shows the Receiver Operating Charac-
teristic (ROC) curves [32] obtained on the XM2VTS database
by the proposed reliability method and two simple alternatives
used to provide a baseline. Both alternatives classify the seg-
mentations as reliable or unreliable by thresholding a
given input metric.
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Fig. 7. Segmentation error statistics for the XM2VTS database. The light-gray
curves show the percentage of images estimated as unreliable whose error was
less than (or equal to) the value indicated by the horizontal axis. The black curves
show the percentage of images estimated as reliable whose error was greater
than the value of the horizontal axis.

1) ASM threshold on PDM: Uses the Mahalanobis distance of
the PDM as input metric.

2) ASM threshold on PDM GLP: Uses a weighted com-
bination of Mahalanobis distances from the PDM and the
gray-level profiles (GLP) as input metric.

Calling these alternatives and , they can be ex-
pressed as

(21)

(22)

where is the the PCA-space representation
of shape . The matrix contains the eigenvectors from the
covariance matrix of the training set shapes, with corresponding
eigenvalues and mean shape . Furthermore, recall that
is the dissimilarity score calculated by the appearance model of
the th landmark (the Mahalanobis distance of the GLPs in the
case of ASM).

Both thresholds, and , as well as the constant bal-
ancing the relative weight of PDM and GLP distances, were
set by maximizing the mutual information between (or )
and the segmentation error thresholded by the intrinsic preci-
sion, as defined in Section III-C, and using the same training set
employed by our reliability models. It should be noted that the
PDM-based estimator is very weak compared to the other ones.
Indeed, using just the GLPs for yields almost the same re-
sults as the combination of PDM and GLPs (not displayed for
clarity reasons).

Fig. 8. Receiver Operating Characteristic (ROC) curves obtained in the
XM2VTS database by the proposed reliability method plus two baseline
alternatives using thresholds on Mahalanobis distances of ASM, both from the
PDM and the GLPs.

TABLE IV
AVERAGE ERRORS FOR ASM SEGMENTATIONS ESTIMATED AS RELIABLE OR

UNRELIABLE, ACCORDING TO THE PROPOSED METHOD �� � AND THE

BASELINE COMBINING PDM AND GLP DATA �� �

Finally, it is interesting to notice that the curves from the pro-
posed reliability models change with bigger steps than the base-
line alternatives (whose curves look smoother), especially for
higher FARs. This is due to the considerably lower number of
samples estimated as unreliable by the proposed method when
compared to the baseline methods. This also showed a greater
separation between the average segmentation errors of reliable
and unreliable samples, and the former better matched the in-
trinsic precision of the segmentation algorithm. Such behavior
was consistently observed in the three databases that were used,
as summarized Table IV.

A. Implementational Issues

In this section, we describe a number of details that, for the
sake of clarity, were omitted from the explanation of the method
as they mostly regard to its implementation.

1) Multiple Resolutions: In statistical shape models it is
common to use a coarse-to-fine search strategy in a multireso-
lution approach [11]. It consists on building a multiresolution
pyramid from the original image, and processing each level
independently. Therefore, (20) can be computed separately at
each resolution level, and the results combined together for
the final decision of the whole segmentation process. For the
experiments reported in this paper we simply averaged all res-
olution levels, letting take values within the set ,
according to the winning hypothesis for each resolution:

.
The segmentation process was regarded as reliable if the
average was positive, and unreliable otherwise.
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This combination rule is the simplest possible, and does not
take into account that each resolution level is likely to have a
different precision in the estimation of reliability. On the other
hand, more complicated rules based on the training set would
suffer from a small number of data samples. Indeed, the
iterations are already combined in (20), and only samples
remain available. For example, in the experiments of the next
section, will be as small as 30.

2) Likelihood Normalization: In this paper all likelihoods
were estimated by their sample mean. This is the simplest
method, which is still enough for our case, as the involved
probabilities are discrete: when evaluating (20) there are three
possible hypotheses for : reliable, unreliable,
and undefined. Notice that the actual value of the likeli-
hoods is not important as long as they preserve the relationship
between them. Therefore, it is possible to normalize the like-
lihoods with respect to any of the hypotheses. Let
be the normalized likelihood for hypothesis , and

be the normalizing hypothesis. Then we write

(23)

(24)

This implies some simplification in the calculations as it avoids
computing . For example, using the data from
Fig. 4, if the reliability score for a shape at a given iteration

is lower than then its average segmentation error is
most likely higher than . With the proposed normalization,

is simply estimated as the ratio between the fraction
of samples above with and the fraction of samples
between and with .

The likelihoods displayed in the lower plot of Fig. 6 have been
normalized in this way, so the curve corresponding to unde-
fined is just a constant at . This implies that,
from iterations 4 to 16, the winning hypothesis in Fig. 6 would
be .

However, the upper plot of Fig. 6 suggests that both the seg-
mentation error and the global reliability estimation have stabi-
lized (or converged) much earlier. This delay in deciding toward
the reliable class obeys to the bias introduced by the first
few iterations: in general, the segmentation error at the begin-
ning of the process is higher than the required accuracy, which
favors the likelihood of the unreliable class. This bias can
be reduced by slightly modifying (24)

(25)

where is the first iteration at which the hypothesis of unre-
liable segmentation does not have the highest likelihood

(26)

(27)

All the results reported in this paper are based on (25). Note that,
if the number of iterations is large enough, then (24) and (25)

Fig. 9. Example of the iterative segmentation process. The upper plot shows the
segmentation error (solid line) and the thresholds � and � . The markers in-
dicate whether each iteration was regarded as reliable � �, unreliable
( ), or undefined (�). The lower plot shows the evolution of the likelihood
for the whole process to bereliable (dark line) or unreliable (light line).
Likelihoods are taken into account starting at the third iteration (� � �, see
text).

produce the same result, but the latter is expected to converge
faster. This is shown in Fig. 9 where the example of Fig. 6 is
repeated using (25). As the first two iterations do not bias the
evaluation of likelihoods, the hypothesis of an accurate seg-
mentation is achieved at iteration 12 rather than at iteration 16
like in the case of Fig. 6 computed by means of (24).

V. APPLICATIONS

A. Automatic Model Selection

A straightforward application of a reliability measure is to au-
tomatically select, from a library of models, the best model to
segment a given image. Let be a set of statistical shape
models and a set of images to be segmented. For each
image there is a ground-truth shape . We want to deter-
mine which is the best model to use for each of the images

(28)

where is the index of the best model and is the
shape generated by the model when segmenting image .
Evidently, the objective is to estimate as accurately as
possible without knowing , which can be done in a direct way
by choosing the model whose segmentation reported the highest
reliability.

To demonstrate the above statement, a set of 280 images from
the AV@CAR database [34] was used, showing seven views
for each of 40 subjects. The views were systematically selected
to vary according to the degree of lateral head rotation (out of
the image plane). The resulting set is illustrated in Fig. 10 and
contains three rotated views to each side (L20, L40, L60 and
R20, R40, R60; at approximately and degrees)
and one frontal view (F), at which the subject is looking straight
into the camera.

For each of the segmentation algorithms, ASM and
IOF-ASM, we constructed seven models, one for each view.
All images in the dataset were segmented with each of these
single-view models, computing also the reliability scores in
every case. Then, the most reliable result was chosen. As there
were only 40 images available per view, a four-fold cross
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Fig. 10. Sample images of one individual from the AV@CAR dataset. From
left to right: R60-, R40-, R20-, and frontal-views (top row); L60-, L40-, and
L20-views (bottom row).

Fig. 11. Confusion matrices for ASM and IOF-ASM in the automatic model
selection tests. The horizontal axis shows the viewpoint of the test images, while
the vertical axis shows the different models. At each position of the grid, the
color code indicates the percentage of images that were automatically assigned
each of the models, following the reliability criterion (see text).

validation was performed to split them into training and test
sets. Thus, the models for each view were always built in sets
of 30 images, disjoint from the set of test images.

Fig. 11 shows the confusion matrix between the view of each
image and the model that produced the most reliable score.
As it was expected, in most cases the selected model matched
the view of the test image. Analyzing the results as a view-
point recognition test, the achieved accuracy was of 89.6% for
IOF-ASM and 82.1% for ASM.

Table V provides the segmentation results using four different
strategies.

The first row provides the best results achieved using
just one of the single-view models (always the same) to
segment all images. Both for ASM and IOF-ASM, the
frontal-view model was the one that achieved the lowest
segmentation error, as can be intuitively expected due to
the symmetry of the data set.

For the second row, we also used only one model. How-
ever, in this case, it was trained with images from all the
views. Therefore, images were used for
training (always under a four-fold cross validation).

In the third row, for each image the model that showed
the most reliable result was selected. This is the strategy
proposed in the above paragraphs of this section.

Finally, we also report the results that could be obtained
if the automatic selection would perfectly match the view-
point of the test image (fourth row).

The analysis of the data in Table V clearly shows that the
automatic selection can be very useful to improve segmentation
accuracy. The large difference with respect to the best single-
view model further indicates that an incorrect selection of the
model will dramatically drop segmentation performance.

TABLE V
SEGMENTATION ERRORS (AVERAGE � STD. ERROR, IN PIXELS) ON THE

AV@CAR DATASET WITH DIFFERENT SEGMENTATION STRATEGIES

It is also interesting to compare the second and third rows of
the table. In the case of ASM, the automatic selection largely
outperforms the multiview model. Indeed, other researchers
have already reported that ASM performs well only within
degrees of left-right head rotation [28], [37]. This has led to
split the head rotation range into a number of narrower bands, in
a strategy analog to the one proposed here. Those approaches,
however, either did not address automatic model selection [50],
or were based on AAMs and simply used the convergence of
the represented texture as the selection criteria [12], [28].

In the case of IOF-ASM, the difference between the second
and third rows of Table V is very small. This suggests that
the more complex image model of IOF-ASM may be able to
deal with a wider range of head rotation than ASM. Nonethe-
less, automatic model selection allows for extending the rota-
tion range to poses at which not all landmarks are visible. To
achieve this with just one multiview model there would be the
need to modify the PDM, for example by resorting to nonlinear
statistics [37].

B. Reliable Identity Verification

Reliability estimation could be used to enhance the robust-
ness of an identity verification system. A crucial problem in
many fully automatic systems for identity verification is the oc-
casional failure of some of their processing blocks. For example,
Fig. 1 shows the segmentation results for three different initial-
izations of a statistical shape model. Two of them are clearly of
no use for a verification system. No matter whether the failure
is due to an incorrect initialization or due to a failure within the
segmentation process, automatically discriminating between re-
liable and unreliable results can be a valuable aid in increasing
system robustness: if the segmentation of a given image is not
reliable, then the system could request a new frame, or take
the default (minimum risk) decision according to the specific
application.

To verify the above hypothesis, identity verification tests were
performed on the XM2VTS database, using both configurations
of the Lausanne protocol [31]. The evaluation sets Equal Error
Rates (EER) [5] were used to set the working point of the classi-
fier, at which the Half Total Error Rates (HTER) were computed
for the tests sets.

The biometric parameters for each image were obtained by
PCA of the face texture (the image region enclosed by the land-
marks found by the automatic segmentation), after a warping to
the mean shape of the training set [26]. Then, a classifier based
on whitened correlation was used, known to be among the best
choices for PCA-based metrics [35].
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Fig. 12. The 49 initial centroids for the segmentation process in the identity
verification experiments. The diamond indicates the optimal initialization, cor-
responding to the centroid from the manual annotations. Both vertical and hor-
izontal displacements are located in steps of 20 pixels, resulting in a maximum
distance of 84.9 pixels with respect to the central diamond.

Fig. 13. Percentage of unreliable segmentations using IOF-ASM for dif-
ferent initializations. The displacements are measured with respect to the op-
timal location, computed as the centroid of the manual annotations.

1) Initialization: As it was pointed out in [41], the segmenta-
tion accuracy of statistical shape models on the XM2VTS data-
base is enough to achieve results comparable to the ones using
manual annotations. However, the situation changes under more
challenging initializations, creating a more appropriate scenario
for evaluating the proposed reliability measure.

With this idea in mind, segmentation tests were repeated
on the XM2VTS database for 49 different initial positions,
resulting from a uniform 7 7 grid. The central position of the
grid matched the initialization used in Section IV, which was
always the shape centroid computed from the manual anno-
tations (we will refer to this position as the optimal location).
Notice, however, that the initial shape was always the mean
shape of the training set with a fixed size, therefore resulting
in a different initialization error for each image (see also [43]).
The remaining initializations were all possible combinations of
up/down and left/right displacements of the centroid by 20, 40,
and 60 pixels, as illustrated in Fig. 12.

2) Results: Before presenting the verification scores, it is in-
teresting to look at the reliability results from the segmentations,
shown in Fig. 13. It can be seen that, as the initialization de-
parts from the optimal location, the number of unreliable seg-
mentations tends to grow, getting close to 100% for the max-
imum displacements. The segmentation error (with respect to
the ground-truth from manual annotations) exhibited a similar
behavior, both for ASM and IOF-ASM algorithms. Addition-
ally, the direction of the displacements did not seem to notice-
ably influence performance.

Fig. 14. Half Total Error Rate using IOF-ASM segmentation for different ini-
tial positions. As the results did not reveal a major sensitivity to the direction
of the displacements, the horizontal axis shows the distance with respect to the
optimal location.

Fig. 14 presents the variation of the HTER for the different
initializations using IOF-ASM segmentation. The displayed
curves were constructed using configuration II of the Lausanne
protocol. The behavior of both ASM and IOF-ASM under
configuration I was completely analogous, with slightly higher
error rates than in Configuration II. Three curves are displayed.

1) All images: HTER computed from the 1560 images, using
automatic segmentation.

2) Reliable images: HTER computed only from the images
whose segmentation was estimated to be reliable.

3) Ground-truth: HTER computed from the 1560 images
using manual annotations.

The error bars indicate a 90% confidence interval using the test
of two proportions [4], not shown on the ground-truth curve for
clarity reasons. The 800 client images defined for training in the
Lausanne protocol were assumed to be correctly segmented, as
they would be the enrolled users on the verification database.
Hence, the manual annotations were used for those images in all
experiments. The other 1560 images (evaluation and test sets for
clients and impostors) were automatically segmented and, for
the second case (Reliable images), discarded when estimated
unreliable.

For initializations up to 40 pixels away from the optimal
positioning, there is no statistically significant difference be-
tween the three curves. But for a displacement above 60 pixels,
the scores using all images degrade rapidly, as opposed to the
scores using only reliable segmentations, which remain almost
unchanged. At the maximum displacement (when almost all
images were estimated unreliable, see Fig. 13), the error rate
approaches 50% (random choice).

Keeping only the reliable segmentations yields significantly
better verification scores. In fact, even for the largest initial dis-
placement, the HTER obtained with the reliable images is not
significantly different from the zero-displacement HTER, due
to the very few samples available for its computation.

Fig. 15 provides the results obtained using ASM. In this case,
the error rates of the reliable images show a significant degrada-
tion for displacements above 40 pixels, but they are still much
better than those achieved using all the images.

Analyzing the segmentation errors of the experiments in this
section provides further evidence to understand the reduction
of the error rates when discarding nonreliable segmentations.
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Fig. 15. Half Total Error Rate using ASM segmentation for different initial
positions. As the results did not reveal a major sensitivity to the axis or the di-
rection of the displacements, the horizontal axis shows the distance with respect
to the optimal position.

Fig. 16. Typical results for the reliable and unreliable segmentations on the
multiple-initializations experiments. The errors of the displayed images match
the averages reported in Table VI for each algorithm.

TABLE VI
SEGMENTATION ERRORS ON THE XM2VTS DATABASE

WITH 49 DIFFERENT INITIALIZATION DISPLACEMENTS

Table VI shows the errors averaged on the 115 640 segmenta-
tions (49 initializations 2360 images). When discriminated by
their estimated reliability, differences are evident. Furthermore,
it can be seen that the accuracy of the reliable samples was
kept very similar to the one reported in Table III (which corre-
sponds to optimal initialization). Fig. 16 illustrates typical seg-
mentation results, corresponding to the average accuracies indi-
cated in Table VI.

VI. SUMMARY AND CONCLUSION

A method to estimate the reliability of image segmentation
with statistical shape models was presented. By means of a prob-
abilistic framework, the information provided by each landmark
was combined to make a global decision regarding the quality of

the whole model matching. The proposed method can be applied
to statistical shape models in general, as long as a dissimilarity
measure based on appearance is available for every landmark.

Segmentation results were provided for ASM and IOF-ASM
using three different face databases. In all cases the estimated
reliability exhibited a high correlation with the segmentation
error. When extrapolating the models to a different database that
the one used for training, the accuracy for the reliable matches
was less degraded than the overall accuracy.

The automatic estimation of reliability can be promising for
a number of applications. We demonstrated two of them: auto-
matic model selection and reliable identity verification. Results
were highly satisfactory in both cases.

The strength of the proposed approach relies on its low false
positive rate. Indeed, the estimation of reliability does not in-
crease the accuracy of the algorithms, but rather automatically
assesses their performance. If the models perform poorly (like
the segmentation of XM2VTS images with a model trained on
Equinox images as shown in Table III), then very few samples
are declared reliable.

On the application side, this can be very useful. The initial-
ization displacements shown in Fig. 12 are not dramatic (when
compared to the size of the face), and, however, they dropped
the performance of a typical identity verification system from
error rates close to the state-of-the-art to error rates close to
50%. When the nonreliable segmentations were discarded, per-
formance was kept considerably more stable.

It should be pointed out that this increased robustness of
the system is not limited to an incorrect initialization. Any
failure leading to a segmentation different enough from the
training data would result in a nonreliable classification. That
is the reason why, in the model selection experiments, the
segmentation of images under a certain viewpoint only occa-
sionally showed reliable results when segmented with models
constructed from a different viewpoint. As shown in Fig. 11, the
more separated the viewpoints, the less likely for this situation
to happen.

APPENDIX A
CONDITIONAL PROBABILITIES

From the definitions in Sections III-A and III-C, the reliability
is related to the averaged segmentation error for all landmarks

(29)

It can be made more restrictive by requiring the error for each
landmark to be below a threshold. Let be this new mea-
sure, defined as

(30)
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where the iteration number has been made explicit by using ,
as explained in Section III-A.

The conditional probabilities of given the reliability
estimated by the appearance model of each landmark are then

and replacing by the definition of [see (5)]

Assuming that the reliability of each landmark is independent
of that of any other landmark and using the definition of condi-
tional probabilities, we immediately get

(31)

The conditional probabilities for can be estimated from
the training set, by defining

(32)

(33)

which can easily be computed due to the binary nature of the
involved variables

To take into account the possibility of a biassed training set,
can be also estimated

(34)

Replacing (31) into (11), we get

By including the estimations from the training set, the expres-
sion for can be written as

(35)

From (29) and (30), it can be shown that , so
(35) can be thought as a conservative lower bound to .

As it is shown in Section III-G, the actual value of is
not essential. There is the need, instead, for an estimator that
is proportional to . Thus, our estimator can be
redefined as in (12), where the division by the summation over
all was added to scale into the range [0, 1].

REFERENCES

[1] Manual Annotation of the XM2VTS Face Images [Online]. Available:
http://www.isbe.man.ac.uk/~bim/data/xm2vts/xm2vts_markup.html

[2] T. Arbel and F. P. Ferrie, “On the sequential accumulation of evidence,”
Int. J. Comput. Vis., vol. 43, no. 3, pp. 205–230, 2001.

[3] G. Behiels, F. Maes, D. Vandermeulen, and P. Suetens, “Evaluation
of image features and search strategies for segmentation of bone struc-
tures in radiographs using active shape models,” Med. Image Anal., vol.
6, no. 1, pp. 47–62, 2002.

[4] S. Bengio and J. Mariéthoz, “A statistical significance test for person
authentication,” in Proc. ODYSSEY–The Speaker and Language
Recognition Workshop, Toledo, Spain, 2004, pp. 237–244.

[5] R. M. Bolle, N. K. Ratha, and S. Pankanti, “Error analysis of pattern
recognition systems—The subsets bootstrap,” Comput. Vis. Image Un-
derstand., vol. 93, no. 1, pp. 1–33, 2004.

[6] C. Butakoff and A. F. Frangi, “A framework for weighted fusion of
multiple statistical models of shape and appearance,” IEEE Trans. Pat-
tern Anal. Mach. Intell., vol. 28, no. 11, pp. 1847–1857, Nov. 2006.

[7] V. Chatzis, A. G. Bors, and I. Pitas, “Multimodal decision-level fusion
for person authentication,” IEEE Trans. Syst., Man, Cybern. A, Cybern.,
vol. 29, no. 6, pp. 674–680, Jun. 1999.

[8] T. F. Cootes, G. Edwards, and C. J. Taylor, “Active appearance
models,” in Proc. 5th Eur. Conf. Computer Vision, Freiburg, Germany,
1998, vol. 1407, pp. 484–498, LNCS.

[9] T. F. Cootes and C. J. Taylor, “Statistical models of appearance for
computer vision,” Tech. Rep., Wolfson Image Analysis Unit, Univ.
Manchester, Manchester, U.K., 2001.

[10] T. F. Cootes, C. J. Taylor, D. H. Cooper, and J. Graham, “Active shape
models—Their training and application,” Comput. Vis. Image Under-
stand., vol. 61, no. 1, pp. 38–59, 1995.

[11] T. F. Cootes, C. J. Taylor, and A. Lanitis, “Multi-resolution search
with active shape models,” in Proc. 12th Int. Conf. Pattern Recogni-
tion, Jerusalem, Israel, 1994, vol. 1, pp. 610–612.

[12] T. F. Cootes, G. V. Wheeler, K. N. Walker, and C. J. Taylor, “View-
based active appearance models,” Image Vis. Comput., vol. 20, no. 9,
pp. 657–664, 2002.

[13] R. H. Davies, C. J. Twining, T. F. Cootes, J. C. Waterton, and C. J.
Taylor, “3D statistical shape models using direct optimisation of de-
scription length,” in Proc. 7th Eur. Conf. Computer Vision, Copen-
hagen, Denmark, 2002, vol. 2352, pp. 3–20.

[14] M. B. Dias and B. F. Buxton, “Separating shape and pose variations,”
Image Vis. Comput., vol. 22, no. 10, pp. 851–861, 2004.

[15] E. Erzin, Y. Yemez, and A. M. Tekalp, “Multimodal speaker identifica-
tion using an adaptive classifier cascade based on modality reliability,”
IEEE Trans. Multimedia, vol. 7, no. 5, pp. 840–852, May 2005.

[16] L. Florack, “The syntactical structure of scalar images,” Ph.D. disser-
tation, Utrecht Univ., Utrecht, The Netherlands, 2001.

[17] M. Frigge, D. C. Hoaglin, and B. Iglewicz, “Some implementations of
the boxplot,” Amer. Statist., vol. 43, no. 1, pp. 50–54, 1989.

[18] R. Gross, I. Matthews, and S. Baker, “Constructing and fitting active
appearance models with occlusion,” in Proc. IEEE Workshop Face Pro-
cessing in Video, Washington, DC, 2004, pp. 72–79.

[19] G. Hamarneh and T. Gustavsson, “Deformable spatio-temporal shape
models: Extending ASM to 2D�time,” in Proc. Brit. Machine Vision
Conf., Manchester, U.K., 2001, pp. 13–22.

Authorized licensed use limited to: UNIVERSITAT POMPEU FABRA. Downloaded on September 25, 2009 at 05:40 from IEEE Xplore.  Restrictions apply. 



SUKNO AND FRANGI: RELIABILITY ESTIMATION FOR STATISTICAL SHAPE MODELS 2455

[20] J. Haslam, C. J. Taylor, and T. F. Cootes, “A probabilistic fitness mea-
sure for deformable template models,” in Proc. Brit. Machine Vision
Conf., York, U.K., 1994, pp. 33–42.

[21] T. Heimann, S. Munzing, H.-P. Meinzer, and I. Wolf, “A shape-guided
deformable model with evolutionary algorithm initialization for 3D
soft tissue segmentation,” in Proc. 20th Int. Conf. Information Pro-
cessing in Medical Imaging, Kerkrade, The Netherlands, 2007, vol.
4584, no. 1–12, LNCS.

[22] G. A. Jones and J. M. Jones, Information and Coding Theory. New
York: Springer, 2000.

[23] H. Kang, T. F. Cootes, and C. J. Taylor, “A comparison of face veri-
fication algorithms using appearance models,” in Proc. Brit. Machine
Vision Conf., Manchester, U.K., 2002, vol. 2, pp. 477–486.

[24] A. Koschan, S. K. Kang, J. K. Paik, B. R. Abidi, and M. A. Abidi,
“Video object tracking based on extended active shape models with
color information,” in Proc. 1st Eur. Conf. Color in Graphics, Imaging,
and Vision, Poitiers, France, 2002, pp. 126–134.

[25] K. Kryszczuk, J. Richiardi, P. Prodanov, and A. Drygajlo, “Reliability-
based decision fusion in multimodal biometric verification systems,” J.
Ad. Signal Proc., p. 9, 2007, Article ID 86572.

[26] A. Lanitis, C. J. Taylor, and T. F. Cootes, “Automatic interpretation
and coding of face images using flexible models,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 19, no. 7, pp. 743–756, Jul. 1997.

[27] H. Li and O. Chutatape, “Boundary detection of optic disk by a mod-
ified ASM method,” Pattern Recognit., vol. 36, no. 9, pp. 2093–2104,
2003.

[28] S. Z. Li, H. Zhang, Y. S. Cheng, and Q. Cheng, “Multi-view face align-
ment using direct appearance models,” in Proc. 5th IEEE Int. Conf.
Automatic Face and Gesture Recognition, Washington, DC, 2002, pp.
309–314.

[29] A. Martinez, “Recognizing imprecisely localized, partially occluded,
and expression variant faces from a single sample per class,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 24, no. 6, pp. 748–763, Jun.
2002.

[30] A. Martínez and R. Benavente, “The AR face database,” Tech. Rep.
Computer Vision Center, Barcelona, Spain, 1998.

[31] K. Messer, J. Matas, J. Kittler, J. Luettin, and G. Maitre, “XM2VTSDB:
The extended M2VTS database,” in Proc. 2nd Int. Conf. Audio- and
Video-Based Biometric Person Authentication, Washington, DC, 1999,
pp. 72–77.

[32] C. E. Metz, “Basic principles of ROC analysis,” Seminars Nucl. Med.,
vol. 8, no. 4, pp. 283–298, 1978.

[33] S. Ordas, H. C. van Assen, L. Boisrobert, M. Laucelli, J. Puente, B. P. F.
Lelieveldt, and A. F. Frangi, “Statistical modeling and segmentation in
cardiac MRI using a grid computing approach,” in Proc. Eur. Workshop
on Advances on Grid Computing, Amsterdam, The Netherlands, 2005,
vol. 3470, pp. 6–15, LNCS.

[34] A. Ortega, F. M. Sukno, E. Lleida, A. F. Frangi, A. Miguel, L. Buera,
and E. Zacur, “AV@CAR: A spanish multichannel multimodal corpus
for in-vehicle automatic audio-visual speech recognition,” in Proc. 4th
Int. Conf. Language Resources and Evaluation, Lisbon, Portugal, 2004,
vol. 3, pp. 763–767 [Online]. Available: http://www.cilab.upf.edu/ac

[35] V. Perlibakas, “Distance measures for PCA-based face recognition,”
Pattern Recognit. Lett., vol. 25, no. 6, pp. 711–724, 2004.

[36] G. L. Rogova and V. Nimier, “Reliability in information fusion: Liter-
ature survey,” in Proc. 7th Int. Conf. Information Fusion, Stockholm,
Sweden, 2004, vol. 2, pp. 1158–1165.

[37] S. Romdhani, S. Gong, and A. Psarrou, “A multi-view nonlinear active
shape model using kernel PCA,” in Proc. Brit. Machine Vision Conf.,
Nottingham, U.K., 1999, pp. 483–492.

[38] A. Ross and A. K. Jain, “Information fusion in biometrics,” Pattern
Recogn. Lett., vol. 24, no. 13, pp. 2115–2125, 2003.

[39] C. Schmid and R. Mohr, “Local grayvalue invariants for image re-
trieval,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 19, no. 5, pp.
530–535, May 1997.

[40] A. Selinger and D. Socolinsky, “Appearance-based facial recog-
nition using visible and thermal imagery: A comparative study,”
Tech. Rep. Equinox Corporation, 2002 [Online]. Available:
http://www.equinoxsensors.com

[41] F. M. Sukno and A. F. Frangi, “Exploring reliability for automatic iden-
tity verification with statistical shape models,” in Proc. IEEE Workshop
Automatic Identification Advanced Technologies, Alghero, Italy, 2007,
pp. 80–86.

[42] F. M. Sukno, J. J. Guerrero, and A. F. Frangi, “Homographic active
shape models for view-independent facial analysis,” in Proc. SPIE Bio-
metric Technologies for Human Identification, Orlando, FL, 2005, vol.
5779, pp. 152–163.

[43] F. M. Sukno, S. Ordas, C. Butakoff, S. Cruz, and A. F. Frangi, “Ac-
tive shape models with invariant optimal features: Application to facial
analysis,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 29, no. 7, pp.
1105–1117, Jul. 2007.

[44] B.-J. Theobald, I. Matthews, and S. Baker, “Evaluating error functions
for robust active appearance models,” in Proc. 7th IEEE Int. Conf. Au-
tomatic Face and Gesture Recognition, Southampton, U.K., 2006, pp.
149–154.

[45] H. C. van Assen, M. G. Danilouchkine, A. F. Frangi, S. Ordás, J. J.
M. Westenberg, J. H. C. Reiber, and B. P. F. Lelieveldt, “SPASM: A
3D-ASM for segmentation of sparse and arbitrarily oriented cardiac
MRI data,” Med. Image Anal., vol. 10, no. 2, pp. 286–303, 2006.

[46] B. van Ginneken, A. F. Frangi, J. J. Staal, B. M. ter Haar Romeny,
and M. A. Viergever, “Active shape model segmentation with optimal
features,” IEEE Trans. Med. Imag., vol. 21, no. 8, pp. 924–933, Aug.
2002.

[47] B. van Ginneken, M. B. Stegmann, and M. Loog, “Segmentation of
anatomical structures in chest radiographs using supervised methods:
A comparative study on a public database,” Med. Image Anal., vol. 10,
no. 1, pp. 19–40, 2006.

[48] K. Wan, K. Lam, and K. Ng, “An accurate active shape model for fa-
cial feature extraction,” Pattern Recognit. Lett., vol. 26, no. 15, pp.
2409–2423, 2005.

[49] M. Wimmer, F. Stulp, S. J. Tschechne, and B. Radig, “Learning robust
objective functions for model fitting in image understanding applica-
tions,” in Proc. Brit. Machine Vision Conf., Edinburgh, U.K., 2006, pp.
1159–1168.

[50] S. Xin and H. Ai, “Face alignment under various poses and expres-
sions,” in Proc. 1st Int. Conf. Affective Computing and Intelligent In-
teraction, Beijing, China, 2005, vol. 3784, pp. 40–47, LNCS.

[51] S. Yan, X. He, Y. Hu, Y. Zhang, M. Li, and Q. Cheng, “Bayesian shape
localization for face recognition using global and local textures,” IEEE
Trans. Circuits Syst. Video Technol., vol. 14, no. 1, pp. 102–113, Jan.
2004.

[52] S. Yan, C. Liu, S. Li, H. Zhang, H. Shum, and Q. Cheng, “Face
alignment using texture-constrained active shape models,” Image Vis.
Comput., vol. 21, no. 1, pp. 69–75, 2003.

Federico M. Sukno was born in 1975 in Rosario, Ar-
gentina. He graduated in electrical engineering from
the Universidad Nacional de La Plata, Argentina, in
2000, and received the Ph.D. degree in biomedical
engineering from the University of Zaragoza, Spain,
in 2008.

After graduation, he worked for two years in
mobile telecommunications (Ericsson) and industrial
control (ABB), both in Argentina. He is currently
working on statistical shape models at Pompeu
Fabra University, Barcelona, Spain, where he is also

Assistant Professor in coding theory and analog electronics.

Alejandro F. Frangi (S’94–M’01–SM’06) was born
in La Plata, Argentina. He received the undergraduate
degree in telecommunications engineering from the
Technical University of Catalonia, Barcelona, Spain,
in 1996. In 1997, he obtained a grant from the Dutch
Ministry of Economic Affairs to pursue the Ph.D. de-
gree in model-based cardiovascular image analysis
at the Image Sciences Institute, University Medical
Center, Utrecht, The Netherlands, under the sponsor-
ship of Philips Medical Systems, Nederland BV.

After graduation in 2001, he moved to Zaragoza,
Spain. He was an Assistant Professor at the University of Zaragoza from 2001
until 2003. Subsequently, he was awarded a Ramón y Cajal Research Fellowship
from 2003 to 2008. In September 2004, he was invited to join the Department of
Information and Communication Technologies at the Universitat Pompeu Fabra,
where he is currently an Associate Professor and leads the Center for Computa-
tional Imaging and Simulation Technologies in Biomedicine (http://www.cilab.
upf.edu). His main research interests are in computer vision and medical image
analysis with particular emphasis in model- and registration-based techniques,
and statistical methods.

Dr. Frangi has been the Guest Editor of two special issues of IEEE
TRANSACTIONS ON MEDICAL IMAGING and one issue of Medical Image
Analysis. He is an Associate Editor of the IEEE TRANSACTIONS ON MEDICAL

IMAGING and an Associate Editor of Medical Image Analysis. He also received
the 2006 IEEE EMBS Early Career Award.

Authorized licensed use limited to: UNIVERSITAT POMPEU FABRA. Downloaded on September 25, 2009 at 05:40 from IEEE Xplore.  Restrictions apply. 


