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ABSTRACT

This paper demonstrates an experimental content based facial
image retrieval system. The proposed system can be queried
by auser using a persons photo; either afrontal or near frontal
facial image. The proposed system utilizes state-of-the-art
face recognition technology which exploits the inherent ad-
vantages of single HMM scheme based on 1D discrete HMM.

Index Terms— Face detection, focused search engine,
face similarity.

1. INTRODUCTION

This paper presents a content based image retrieval system
that specializes on images depicting persons. The system un-
der consideration has been under development in the Digital
Media Lab in Umea University over the past five years and
has now reached the general availability release stage [ 1]. It
relies on human facial characteristics and it uses a database
of non-annotated images, where some humans may or may
not appear. Given the above, the proposed system can search
for a particular person when the initial query is another im-
age (content based searching). The search engineis publicly
accessible though the following URL: www. wawo. net .

2. RELATED WORK

Currently, there are some systems avail able the exhibit similar
characteristics to our system. These systems either have the
same aim or similar objectives to www. wawo. net :

e Riyacom|[?]

Online Face Alignment Demo [ 3]

Betaface [4]

Pittsburg Pattern Recognition [ 5]

Polar Rose [6]
Cydral [7]

All the above systems are currently publicly available. There
is also a plethora of stand-alone implementations in the form
of applications or DLLs that can be accessed through the us-
age of an appropriate API.

3. SYSTEM DESCRIPTION

The system under consideration is depicted in Fig. 1. From
the figure we can see that the system has a distributed archi-
tecture. In this setting two serversis the minimum amount of
machines needed to operate the CBIR system. These servers
provide the following functionalities:

e HTTP and MySQL server
e Image similarity module (based on Matlab)

We should note here that the first server can aso be substi-
tuted by two independent servers, a web server and an SQL
server.

The distributed nature of the system can be fully utilized
with the usage of additional image similarity modules. Inthis
case the web server can be used for load balancing. When
anew user query is received the Apache server looks at the
workload of each of the Matlab clients and assigns the query
to the first free server. The distributed architecture allows us
to scale the system by adding an infinite number of Matlab
and Apache servers. This solution is highly efficient and this
is the reason why it is being used by content providers like
YouTube, search engines like Google and distributed com-
puting platformslike Akamai.

3.1. Face Detection

Face detection is an integral element for the proposed search
engine. Its god is to locate regions in images that contain,
with high probability, faces [8]. For such task, a statisti-
cal model (classifier) is used to detect faces [9]. Statistical
modeling employs multiple instances of facial images (*pos-
itive samples) and “ negative samples, i.e., images that do not
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Fig. 1. Architecture of the proposed system.

contain faces (training set). During training, features are ex-
tracted from the training set using Haar-like features and a
cascade of boosted tree classifiers[10].

The classifier is trained on non-annotated images of fixed
size. Detection is performed by sliding a search window over
the image and checking whether an image region resembles a
face or not. A cascade of simple “wesak classifiers uses single
featuresto classify theimage region as face or non-face. Each
feature is described by its template, its coordinate relative to
the search window origin and the size (scale factor) of the
feature[9, 10].

Figure 2 depicts an face detection operation applied on
a query image. The figure depicts the image of Anitra
St een to the left with a set of blue markers over her face.

These markers correspond to two different facial regions. These

regions correspond to automatic and manual face detection.
In the right side of the figure in question we can see the de-
tected facial regions(Cbj ects in this inmage).
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Fig. 2. Automatic and manual face detection.

It must be noted here that manual face marking is not
necessary but since automatic detection is not always accu-
rate user input can always elevate the performance of the sys-
tem. Manual marking can also be seenin Fig. 2. In this case
the face is marked with three marker point that the user must
place on the person’s eyes and chin.

After the detection phase (automatic or manual) the user
can proceed with the face recognition. In doing so she must
select the face of preferenceto be submitted to the system and
press the Subni t button (seen in Fig. 2). This action leads
to the generation of the result page that is depicted in Fig. 3.

3.2. Face Recognition

Face recognition is based on HMM that have the advantage
to be able to learn from as many samples as possible. The
system needs no information about the pose of the facein the
images under consideration. However the computational cost
of the system depends linearly on the number of images in
the database. Fortunately results reported in [ 11] showed that
the system can function equally well with alimited number of
small pose changes between the input and the query images.
The proposed system along with the training of the HMM and
recognition procedures are briefly described in the following
subsections.

3.2.1. HMM Modeling and Training

An HMM is usually defined as atriplet A = (7, A, B). The
model used is an ergodic 1D-DHMM with randomly initial-
ized parameter matrices. Due to the discrete nature, the sys-
tem needs some retraining whenever it is provided new im-
age(s). That means that the system depends on the number
of persons as well as the number of sample images per per-
son. To solvethis problem a system has been developed using
only one HMM, which is used not to model any specific per-
son, but to capture the relationship of observation blocks. In
other words the system does not depend on the number of
observations nor on the number of HMMs.

In modeling, the sample images are transformed, prepro-
cessed and decomposed to observation vectorsto formacode-
book asfollows:

e Decomposed into overlapping vertical strips by hori-
zontally scanning from left to right. Each vertical strip
is assigned an ordering number. The amount of vertical
overlap between consecutive strips is permitted up to
one pixel less than the strip width.

e Each strip is decomposed into overlapping blocks. The
amount of overlap between consecutive blocks is per-
mitted up to one pixel less than the block height.

e The extracted blocks are normalized

e The normalized feature blocks are arranged column-
wise to form the observation vectors.
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Fig. 3. A sample result page from www. wawo. net .

Unlike any previousHMM based face recognition approaches,
the only HMM in the system is trained by an abstract obser-
vation sequence.

3.2.2. Facerecognition and HMM

In the usual HMM based approach, where there are specific
observations to represent and a dedicated HMM to model
each individual person, the observation vectors are labeled
once to form an observation sequence and then the sequence
is put into each HMM to compute asimilarity score. The pro-
posed HMM system however has just one set of abstract ob-
servations and asingle HMM. But thisHMM does not model
any specific face. Instead different observation sequences are
generated and used as a means to distinguish between per-
sons. In the context of measuring similarity between a query
image and a person in the database, if the matched observa-
tion vector belongsto the person then it will belabeled as one
of the abstract observations. Otherwise it will be labeled as
non-relevant. The previous implies that the comparison has
no meaning. The abstract observation is essentially exploited
as acommon tag specifying a new observation.

The main procedureto computethe similarity between the
query face and each face in the database in the single HMM
system can be summarized as follows:

1. The observation vector is given alabel of observation.

2. Thoseobservation vectorsthat havethe ssmeindex form
an observation sequence.

3. Thesequencesare broken down to subsequencesof length
two.

4. Each subsequence is used as input testing observation
sequence for the HMM to compute the likelihood. The
higher the probability of the observation subsequence,
given the model A, the more likely the subsequence be-
longs to the face under consideration.

5. The summation of the likelihood over all subsequences
for the query givesthe matching score between the query
and each face independently.

4. SYSTEM SCALABILITY

Currently the system is based on a static collection of im-
ages. The next logical step in the evolution of the system is
its transformation into a full-scale web search engine. In do-
ing so Internet crawlers and indexers are needed. This will
enable the system to increase the size of the image database
and become fully autonomous.

Figure 4 depicts the face crawler. The main components
of the face crawler are:

e URL server

e Web crawlersor spiders

Mark-up language processing
e URL resolvers

e Nameidentifiers

e Face detector

e Indexer

From the above components it is worth spending some

time on the following ones:
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Fig. 4. The architecture of the face crawler.

URL server: This server stores all the URL of the vis-
ited pages along with time information. This way we
know when was the last time a particular web page was
last seen from the spiders.

Mark-up Language processor: They areresponsible for
the cleaning of the HTML code.

URL resolvers: Recognition of URL, elimination of the
ones that do not need to be visited and up-date of the
URL server.

Face detector: If there areimagesin theweb page under
consideration then the face detector tries to determine
whether there are humans depicted in this image. If
there arefacesthen the photois stored in the Repository
otherwiseit is cast awvay.

Name identifier: In case that there are some photos de-
picting humans then the module Name identifier using
part-of-speech tagging tries to identify proper nouns
(Names) in the web pages under consideration. This
nouns can reveal the name of the depicted person.
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