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ABSTRACT

Content-based retrieval from image databases attracts
increasing interest the last few years. On the other hand
several recent works on face detection based on the
chrominance components of the color space have been
presented in the literature showing promising results. In this
work we combine color segmentation techniques and color
based face detection in an efficient way for the purpose of
facial image retrieving. In particular, images stored in a
multimedia database are analyzed using the M-RSST
segmentation algorithm and segment features including
average color components, size, location, shape and texture
are extracted for several image resolutions. An adaptive two-
dimensional Gaussian density function is then employed for
modeling  skin-tone chrominance color component
distribution and detecting image segments that probably
correspond to human faces. This information is combined
with object shape characteristics so that robust face detection
is achieved. Based on the above, a query by example
framework is proposed, supporting a highly interactive,
configurable and flexible content-based retrieval system for
human faces. Experimental results have shown that the
proposed implementation combines efficiency, robustness
and speed, and could be extended to generic visual
information retrieval or video databases.

1 INTRODUCTION

The interest in multimedia applications has increased rapidly
during the last years, leading to a growing demand for
efficient storage, management and browsing in multimedia
databases. New tools for summarization, content-based
query, indexing and retrieval capabilities have received
considerable attention especially for browsing digital video
databases, due to the huge amount of information involved.
Such tools are of major importance in the context of the
emerging MPEG-4 and MPEG-7 multimedia standards [8].

Several frameworks have been proposed in the recent
literature for content-based retrieval from image or video
databases [1][10], and a lot of prototype systems have
emerged, providing content-based image query and retrieval
capabilities. Some of these systems, including for example
VIRAGE, QBIC, Photobook and VisualSEEk, have already
been implemented and are now in the stage of evaluation or
commercial exploitation. In most cases, content information
is handled by video object modeling and segmentation, and
subsequent extraction of object attributes including color,
motion, texture, shape as well as spatial and temporal relation
between objects [2][3].

However, it has been often pointed out that existing
systems lack the ability to extract and retrieve semantic

information, which is naturally due to the fact that such
capabilities always require a priori knowledge and can only
be achieved in the context of specific applications. Examples
of such applications with increasing interest include retrieval
of images containing human faces as well as subsequent face
detection, segmentation or recognition. Several approaches
have been proposed for this purpose, including face
registration using detection of the principal facial features
(eyes, nose and mouth), template matching as well as color
thresholding using the chrominance components of color
space and a suitable distribution of the skin color [4][11]. The
latter has received considerable attention as it combines very
fast implementation with promising results.

In the context of this paper, we combine color
segmentation techniques and color based face detection in an
efficient way for the purpose of facial image retrieving.
Images and video stored in a multimedia database are
analyzed using the M-RSST segmentation algorithm and
segment features including average color components, size,
location, shape and texture are extracted for several image
resolutions. An adaptive two-dimensional Gaussian density
function is then employed for modeling skin-tone
chrominance color component distribution and detecting
image segments that probably correspond to human faces.
This information is combined with shape characteristics
extracted from object contours so that robust face detection is
achieved, independent of image resolution, illumination,
scaling and rotation. Finally, a query by example framework
is proposed, supporting a highly interactive, configurable and
flexible content-based retrieval system for human faces.

2 A WORKING SCENARIO

In the proposed framework, a user presents to the system a
color facial image as an example for retrieving facial images.
The system performs color segmentation, using the M-RSST
algorithm described in Section 3, and presents the results to
the user who is able to select the face segment that he
requires to retrieve. The mean chrominance components of
the selected face segment are computed and used to adapt a
predefined probabilistic model that describes the
chrominance distribution of the face skin, as explained in
Section 4.

In the image database, apart from the raw image data
indexing information is also stored, including the number of
color segments, the average chrominance components of each
segment, the percentage of the whole image area that they
cover, as well as an indexed field that describes their contour
shape and particularly their similarity to an ellipsis, since
face shape is supposed to be elliptical. During the searching
procedure image segments whose chrominance components
match the adapted probabilistic model, giving a high



probability of being face segments, are assessed against their
shape to verify that they are not unrelated objects with color
similar to that of the skin. Images that contain at least one
face segment with a high probability are presented to the
user. Ranking of the retrieved images can be performed in
several ways and is discussed in Section 5.

3 COLOR SEGMENTATION

The Multiresolution Recursive Shortest Spanning Tree (M-
RSST) algorithm, first introduced in [3], is our basis for color
segmentation. The M-RSST is an efficient, multiresolution
implementation of the conventional RSST [6] algorithm,
which is considered as one of the most powerful tools for
image segmentation, compared to other techniques such as
color clustering, pyramidal region growing and
morphological watershed [7].

The flowchart of the RSST algorithm is depicted in
Figure 1(a). Initially an image / of size MyxN, pixels, is
partitioned into MyxN, regions (segments) of size 1 pixel and
links are generated for all 4-connected region pairs. Each link
is assigned a weight equal to the distance between the two
respective regions, which is in general defined as the
Euclidean distance between the average color components of
the two regions, using a bias for merging small regions.
Using, for example, the YCrCb color space, a distance
measure between two adjacent regions X and Y is defined as
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where Cy = [ Yy, Cry, Chby ]T contains the average color
components of region X and Ay is the number of pixels within
the region. All link weights are then sorted in ascending
order, so that the least weighed link corresponds to the two
closest regions. The iteration phase of the RSST is then
initiated, where neighboring regions are recursively merged
by applying the following actions in each iteration: (i) the
two closest regions are merged and the new region color
components and size are calculated, (ii) the new region link
weights from all neighboring regions are recalculated and
sorted, and (iii) any duplicated links are removed. The
iteration terminates when either the total number of regions
or the minimum link weight (distance) reaches a target value
(threshold). A distance threshold is in general preferable
since it provides a result that is independent of the image
content.

d(X,Y)=|Cx -Cy|

The execution time of the RSST is heavily dependent
upon the choice of the sorting algorithm, which is certainly a
bottleneck of the algorithm. For this reason, M-RSST
approach is employed, which recursively applies the RSST
algorithm on images of increasing resolution, as depicted in
the flowchart of Figure 1(b). Initially a multiresolution
decomposition of image / is performed with a lowest
resolution level of Ly so that a hierarchy of frames /(0)=/,
1(1),..., (L) is constructed, forming a truncated image
pyramid, with each layer having a quarter of the pixels of the
layer below. The RSST initialization takes place for the
lowest resolution image /(Lo) and then an iteration begins,
involving the following steps: (i) regions are recursively
merged using the RSST iteration phase, (ij) each boundary
pixel of all resulting regions is split into four new regions,
whose color components are obtained from the image of the
next higher resolution level, (iii) the new link weights are

calculated and sorted. This “split-merge” procedure is
repeated until the highest resolution image /(0) is reached.
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Figure 1: Flowchart of the M-RSST segmentation
algorithm.

At each resolution level of the M-RSST, the total number
of segments for the next iteration is considerably reduced
compared to the initial number of segments of the
conventional RSST algorithm at the same level, yielding
much faster execution. The execution times of both
algorithms are compared in [3], where it is shown that the M-
RSST is approximately 400 times faster than the RSST for a
typical image size of 720x576 pixels.

Also, it is observed that very small segments cannot be
found by the algorithm at the initial (lowest) resolution, and,
since no segments are created or destroyed at each iteration,
these segments are also eliminated from all resolution levels.
For example, even if the target number of segments for an
image containing a human face is high enough, some facial
details cannot produce separate segments and a single
segment is retained for the whole face. Such filtering
according to object size is desirable in the context of face
detection, since it achieves a high level of video content
representation.

4 AN ADAPTIVE PROBABILISTIC
MODEL FOR SKIN -TONE COLOR
DISTRIBUTION

It is stated in some classic studies [5][9] that skin-tone colors
are spread over a small area of the Cr-Ch chrominance plane
of the [Y, Cr, Cbh] color model. This fact has been
successfully used in some recent studies for face detection in
color images and video sequences [4][11]. In our work, we
approximated skin-tone color distribution using a two-
dimensional Gaussian density function. Assuming that the
mean vector py and the covariance matrix C are robustly
estimated, the likelihood of an input pattern x is given by:
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where k = 2 is the number of chrominance components. For
the estimation of py and C we used as training data facial

P(x“lO?C):




pixels of different races, obtained from regular TV clips,
color images and personal video cameras.

Color segments represented by their mean chrominance
components can be assessed using the above model to give a
probability of being skin segments. Quantities like the
elliptical form of the segment can be exploited to separate the
face and body segments.

Although the proposed Gaussian model is rather efficient
for the classification of segments as skin and non-skin ones, it
is much more valuable if it is used in an adapted form. The
face segment selected by the user can be exploited for the re-
estimation of the model’s parameters and especially the mean
vector pg. In particular, we re-estimate the p, according to the
following equation:

fig =m-pg +(1—m)-p 3)
where p is the vector of the mean chrominance components
of the selected face segment and m is a memory tuning
constant. In a similar way we can also re-estimate the
covariance matrix C. However, re-estimation of C has
been left out since it increases the computational complexity
without a corresponding improvement of the system’s
performance.

The memory constant m is a critical parameter for the
model. As it is stated in Section 5, appropriate choice of m
can be used to interpret the queries and produce meaningful
and satisfactory for the user results. Small value of m can be
used when the user looks for faces similar to the one he/she
presents to the system while a higher value can be utilized
when the user queries the database for facial images in
general.

Since objects unrelated to human faces but whose color
chrominance components are still similar to those of the skin
might be present in an image, we also provide a description
of the object contour shape. In particular, the similarity of
object shape to an ellipsis is calculated, since face shape is
supposed to be elliptical. Thus, image segments whose
chrominance components match the adapted probabilistic
model are assessed against their shape to verify that they
correspond to human faces.

5 RETRIEVAL RESULT RANKING

The proposed system gives the user the ability to select the
criterion that is to be used for ranking of the retrieved images.
There are three basic alternatives:

Similarity with the presented face segment. The memory
constant m of the probabilistic model is kept small and
therefore the model is strongly adapted to the presented face
segment. In addition, the retrieved images are ranked with
respect to their segment probabilities. Since in some retrieval
results there are more than one probable face segments,
retrieval results are represented by the segment with the
highest probability.

Facial scale. In this case the user is interested in
retrieving facial images that contain a face with scale similar
to that of the selected face segment. The system keeps a high
value for the memory constant m of the probabilistic model
and image segments whose probability exceeds a given
threshold can be selected. However, these segments are
ranked according to the percentage of the image area they
cover.

Number of face Segments. The user is interested in
retrieving faces with a specific number of face segments. The
system keeps a high value for the memory constant m and
images that contain the required number of face segments are
retrieved. Ranking of the retrieved images is performed
according to their representative segment probability.

6 EXPERIMENTAL RESULTS

Some preliminary results are presented in this Section.
The database that has been used in our experiments was
created in the framework of project PHYSTA of the Training
Mobility and Research Program of the European Community.
200 images have been selected from various video-clips
recorded from BBC’s broadcasted program, of which 156
contain at least one face. For experimental purposes we
stored at least two instances of the same face in the database.

Figure 2: An image presented to the system.
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Figure 3: Color segmentation of the presented image.

Figure 4: Face probabilities of the color segments.



Figure 2 illustrates an image that a user presents to the
system in a query by example framework. Figure 3 illustrates
the color segmentation of the presented image, while Figure 4
presents the probabilities of the various segments of being
face segments. Figure 5 depicts similarity-based retrieval. A
pretty small memory constant (m=0.3) has been chosen and
the 7 best matches are presented. Below of each image, the
corresponding probability of containing a face segment is
illustrated. Figure 6 and 7 present scale based retrieval and
retrieval based on the number of face segments respectively.
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Figure 6: Facial scale based retrieval.
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Figure 7: Retrieval based on required face segments.

7 CONCLUSION

Color segmentation has proved a powerful tool for object
extraction from images, especially in the case of human faces
that are usually characterized by uniform color. The M-RSST
algorithm is able eliminate facial details and provide a single
object for each face. Moreover, chrominance components
provided with a probabilistic model can be used in an
efficient way for retrieving facial images from image
databases. The interactive form of the proposed system
adapts the model to the needs of the user and consequently
leads to much more meaningful retrieval results.
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