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Abstract. Biometric technology is often used for verification and identification
of individuals and objects. Face recognition requires analyzing a particular face
and feature processing. Amongst the earliest used methods for face recognition
is the feature - based method. The local feature method first includes face region
detection from still digital image, then component detection and finally features
extraction. This paper develops the idea of a system which identifies a face
based on a minimum number of features. Predefined number of features was
extracted from the basic face components and analyzed over a training face
database with variable expression images. Results from the test dataset
confirmed that the minimum 7-feature set is suitable for proper face
identification. Research also showed that family-related entities can be
recognized and this is something yet to be validated.

Keywords: face recognition, detection, feature-based, face components, family
relations

1 Introduction

Facial recognition records the spatial geometry of distinguishing features of the face.
Different vendors use different methods of face recognition, however, all focus on
measures of key features of the face. The need for passive' identification has
increased with the Fourth generation of technologies and devices including the
so-called "smart environments" [1] that need to be aware of the people in their
surroundings. Although there are more reliable and accurate identity authentication
methods, such as iris identification and fingerprint, face recognition has a clandestine
or covert capability (i.e. the subject does not necessarily know he/she has been
observed) and does not require the presence of the participant who is identified. Face
recognition for still images generally belongs to two groups of methods: Feature-
based and Holistic, however there also exists novel category called Hybrid methods
that combines the advantages of both. Most of earlier face recognition methods [2, 3-
5] belong to the feature-based category. In these methods, usually a single image per
person is used to extract geometrical measures such as the width of the head, the
distances between the eyes, etc.

! Participant interaction not needed
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This paper will present an idea for designing minimum feature set to be used to
identify a face from small face workspace. Preprocessing techniques were used such
as color conversion and noise reduction to increase the quality of the face images.
Next, we determined which features are to be taken into account. This selection of
features is next used to define the minimum number of features that is sufficient to
identify a face. In future a fully automatic algorithm? will be designed that will use
this feature set to identify faces.

This paper is organized in six parts. The second part presents the motivation and
initiative for the idea. The third part presents early and latest, related work research
and articles in our area of interest. The fourth section presents the component and
feature selection as well as techniques used for processing them using the feature-
based method [6]. The fifth section shows the results and analysis from the
implemented research. The sixth section gives the preliminary conclusions made from
analyzing the results from the test and future work.

2 Motivation

The face recognition technology has very well advanced and face recognition is one
of the most current topics in Computer Vision and Pattern Recognition. Identification
systems are no longer limited to verification of identity and surveillance. Numerous
systems already use face recognition as an initial step in interpreting human actions,
intentions, and behaviors as a central part in future smart environments.

The use of the same existing methods, dating from the early years of research in the
field of face recognition based on local feature selection, hides the possibility to
improve their disadvantages and performance. Re-election of new set of face features
could contribute to more efficient and faster identification of still face images for
applications in controlled environments.

The lack of research in terms of face classification and identification of family related
faces in the database was an additional incentive to create our own database of images
which will undoubtedly include family related entities. The system was intended to
make proper identification in addition to successfully notice similarities between
family-related entities in the database with the person being identified. In future a
public database will be adjoined to the existing one and results will be obtained.

3 Related work in local feature based systems

Perhaps the most famous early example of a face recognition system is that of Teuvo
Kohonen of the Helsinki University of Technology[7], who demonstrated that a
simple neural net could perform face recognition for aligned and normalized images
of faces. The network he employed computed a face description by approximating the

2 Fully automatic algorithm — defined by the FERET program
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eigenvectors of the image’s autocorrelation matrix. These eigenvectors are now
known as eigenfaces. However, Kohonen’s system was not a practical success
because it relied on precise alignment and normalization.

Local methods which use local facial features for face recognition are a relatively

mature approach in the field with a long history [2, 3-5, 8-9].
In early 1990s, Brunelli and Poggio described a face recognition system, which can
automatically extract 35 geometrical features to form a 35-dimensional vector for face
representation, and the similarity matching is performed with a Bayes classifier [6]. A
good recognition rate of 90% on a database of 47 subjects was reported.

Researcher Gaile G. Gordon in 1992 [8] carried out research in face recognition
based on contribution of local features’ depth and curvature. The performance of this
system shows great promise. Even with a small feature set based on only eye corners,
nose description, and head width, and very basic statistical methods for classification,
recognition results were better than 70% in all cases. Under the best conditions tested
there were only 6 errors in the ranking of the database over all target matches, and for
all targets the best match correctly identified the target. These experiments clearly
demonstrated the usefulness of the features developed in distinguishing among faces.

M. D. Malkauthekar and S. D. Sapkal [10] presented experimental analysis of

classification of facial images. Facial images of different expressions and angles of
two classes and three classes are used for classification. For two classes and three
classes results are compared by Fisher Discriminant method and Euclidian distance is
used as a similarity measure i.e. matching. The experimental results have been
demonstrated that performance of Fisher Discriminant Analysis for three classes is
same as the performance for two classes.
One of the latest researches in the field of face recognition with feature-based
methods belongs to researchers Ramesha K., K. B. Raja, Venugopal K. R. and L. M
Patnaik [11] who actually showed the importance of reviewing older feature-based
methods. They proposed Feature Extraction based Face Recognition, Gender and Age
Classification (FEBFRGAC) algorithm with only small training sets and it yields
good results even with one image per person. They obtained the geometric features
from a facial image based on the symmetry of human faces and the variation of gray
levels; they located the positions of eyes, nose and mouth by applying the Canny edge
operator. Finally, the gender was classified based on posteriori class probability and
age was classified based on the shape and texture information using Artificial Neural
Network.

4 Model design

The goal of our research is two-fold. The first is to define a minimum feature-set that
will uniquely identify the faces in the database. The second is to detect whether
family-related entities in the database are grouped similar by the system. The system
to be designed is necessary to make face detection on portrait images, in a controlled
environment3, as well as extraction of predefined components and discriminatory

3 One face per image, non-complex background and person’s awareness of the photo being
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features for the face being identified. The minimum number of features is further used
by the system for face recognition.

The questions addressed by this paper are:

1. Which face features are most discriminatory?

2. Which are the minimum features needed to identify a face?

3. Are family relatives associated based on the minimum feature set?

4.1 Limitations

This subsection lists the items that are not covered in the paper.

Methods of image compression and improvement of the performance of the image
database was not considered. Two images per face with variable expression are taken
in a controlled environment. Lighting issues, pose variation and occlusion are left as
future replenishment and improvement of the idea. A small training database of 20
faces is used to record preliminary results and a test dataset of 8 faces is used to test
the obtained minimum feature set. We worked with 2D face model, since we need
proper understanding of the 2D model before we could use the 3D model and its
advantages to explore and improve the process of face identification.

4.2  Face components

All face components do not play an equal role in the process of identification [12].
The selection of features was performed by exploring the basic face components and
took into account the mutual distance and position in relation to the whole face.
Detected components are shown in Fig.1a).
Components:

— Face shape

—Eyes

— Nose

— Mouth

4.3 Face features

Detected components, distances and positions are used to process the features of a
face. In the beginning, the number of features was 14 in order to consider the
discriminatory properties of all of them. Next, by analyzing this feature set, we
received a reduced feature set that can successfully identify face in the database.
Talking with an expert in the field of Art* and as stated in [13], we concluded that the
following are important face distances that are processed from the basic components,
since the time of Ancient Rome [14].
Distances: Positions:

taken
4 Goran Boev — Faculty of Art and Design at European University

M. Gusev (Editor): ICT Innovations 2010, Web Proceedings, ISSN 1857-7288
© ICT ACT - http://ictinnovations.org/2010, 2010



a ICT Innovations 2010 Web Proceedings ISSN 1857-7288 221

— Left eye-Right eye --Separation of face in three equal parts
— Left eye-Nose(both edges) ° --Eyes position
— Right eye-Nose(both edges) --Nose position
— Left eye-Mouth(both edges) --Mouth position
— Right eye-Mouth(both edges)

— Nose-Mouth

— Nose length

— Nose width

— Face length

— Face width

— Forehead length

The above positions and distances are shown in Fig.1. Features were presented as
ratio of Face length/Distance where Distance represents the distances defined above®.

Width
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e
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g
t
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Fig. 1. a) Detected face components b) Face region with detected features

Template matching [15] is a well known method for detecting face features from
the early years of face recognition. This method compares the face to a predefined
template and extracts the wanted features. We used template matching technique to
define the shape of the face being identified. This reduced the search space of the face
database. Fig.2 represents the face templates which we used for defining the face
shape.

A ()
Q Q Q

5 Inner and outer edge of the eye /] ( ™

6 Excluding the Face length
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Fig. 2. Face templates: a) Oval b) Round ¢) Square d) Pear ) Heart

4.4  Preprocessing

Before detection and processing of the selected features, it was necessary to make
appropriate preprocessing and research.

Preprocessing consisted of three stages. In the first stage we built the face training
database instead of using an existing one. The purpose of this step was to include
family related entities and to make collection of materials in a controlled environment
with our own defined parameters’. According to the mentioned [16], the second stage
included detecting face and non-face region in the image. This was done with custom-
made code in Matlab.

o
(ki)

Fig. 3. Portrait image presented in the three components from YCbCr color space

In the second stage, analysis were made [17] on different color spaces, YCbCr
(Luminance and Chrominance), RGB (Red, Green and Blue) and HSV (Hue,
Saturation and Variance) on the face images. We came to conclusion that the third
component from YCbCr space (gray shades) best discriminates the face region unlike
other color spaces, because the human visual system perceives color in terms of
luminance Y and chrominance CbCr attributes (Fig.3). The final stage covered the
detection of the face components which were determined to be most discriminating in
the later identification of the faces.

7 Simple background; lighting, pose and occlusion not included; family related faces included
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4.5 Computations

Matlab was used to analyze the discriminative properties of the selected features.

The face identification was implemented using hierarchical cluster trees. A
hierarchical cluster tree is created by using the differences or distances among objects
in forming clusters. These distances were based on multiple dimensions; each
dimension is a rule or condition for grouping objects. In this paper, the distances
between faces in multi-dimensional space were determined by calculating the
Euclidean distance of the features between each pair of samples (Fig.4). The
Euclidean distance is the most commonly used method for geometric distance in a
multi-dimensional space (Eq.1).

length

. Euclidean distance

Left eye - right eye

Fig. 4. Sample 1: Euclidean distance on feature Face length/Left eye — right eye in two images
with different facial expression

(D)2 = Z [Ceri = x20) 1i — Y20l
k=1

Eq.1. Euclidean distance on feature (i) for two images, Imagel and Image2, with coordinates
(X1i,y2i)s

First, the Euclidean distance was calculated with existing function in Matlab, for all
the features between all the faces, each face with two images with variable
expression. Next, using this information, the faces were grouped into a binary,
hierarchical cluster tree. In this step, pairs of faces were linked together that are in
close proximity using the /inkage function in Matlab. The /inkage function uses the
Euclidean distance information generated earlier to determine the proximity of the
faces to each other. Later, the ward® method was used to pair the faces into binary
clusters (Eq.2), and the newly formed clusters were grouped into larger clusters until a
hierarchical tree is formed [18]. The faces in the hierarchical tree are divided into
clusters. The function dendrogram generates a dendrogram plot of the hierarchical,
binary cluster tree. (Fig.5)

8Inner squared distance (min. variance algorithm), appropriate for Euclidean distances; [19]
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2n,ng
d(T, S) = m d(xr, XS)
T s

Eq.2. Ward’s linkage equation between two clusters, r and s, with number of elements n, and ng
and centroids x, and x, respectively. d (x;, X;) represents the Euclidean distance between the
centroids x, and x;

5 Results and analysis

The hierarchical cluster tree (Fig.5), showed that with all 14 features included, the
faces in the training database were successfully identified even on images with
variable expression. The circled samples on x-axis show the two images with variable
expression belonging to the same person.® Each person’s two images with variable
expression were clustered together in a separate cluster showing that they were
properly identified.

Fig. 5. Identified portrait faces of 13 faces with variable expression using hierarhical cluster
tree. X-axis (Eucledian distance), Y-axis (Face images, two per face)

Next, the research included testing most of the feature combinations to define a
minimum feature set, based on the 14 features already selected. In order to define the
minimum feature set, both Matlab and the image tool ImLab were used.

a) o) d)

Fig. 6. ImLab results of regions of change of face when smiling
a) Normal b) Smile c¢) Standard deviation d) Variance

° Images 1 and 2 — Face 01, images 3 and 4 — Face 02, etc.
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In ImLab standard deviation and variation were calculated over the two images with
variable expression for each face in the training database. Fig.6 shows the visual
results of the calculations in ImLab for Face 08. The analysis showed that the Face
length is a feature without significant change when variable expression images are
taken into consideration. Because of this, the ratio Face Length/Distance was taken as
a ratio when building the feature vector for each face. Fig.6 c¢) and d) showed that
mouth and eyes’ outer corners are changing when face expression changes. The
following 6 features were chosen to identify the 20 people in the training database:

— Ratiol: Face lenght/Left eye — right eye

— Ratio2: Face lenght /Right eye — nose (inner edge)
— Ratio3: Face lenght /Left eye — mouth (inner edge)
— Ratio4: Face lenght /Left eye — nose (inner edge)
—Ratio5: Face lenght /Face width

—Ratio6: Face length/Forehead length

The results in Tablel represent the Euclidean distance of the two images of the
same face. Table 1 shows the identification results based on all 14 features and the
minimum set of 6 selected. Considering a threshold value of 1 the distances show that
Facel2 and Facel3 have high Euclidean distance for their two images which means
that they were not found very similar when 14 features were used.

Table 1. Euclidean distance identification results based on 14-set and 6-set feature

Face sample Euclidean distance
14-feature set 6-feature set

Face 01 0,4817 0,3709
Face 02 1,2057 0,8221
Face 03 0,3209 0,2421
Face 04 0,7199 3,2733
Face 05 0,9333 0,2912
Face 06 0,8656 0,3517
Face 07 0,2778 0,1122
Face 08 0,6130 0,2606
Face 09 0,4315 0,1780
Face 10 0,6177 0,2791
Face 11 0,9801 0,3450
Face 12 2,3479 0,2205
Face 13 3,5772 0,3581
Face 14 0,6322 0,2216
Face 15 0,4118 0,3548
Face 16 0,7671 0,2665
Face 17 0,5813 0,3266
Face 18 0,8105 0,3511
Face 19 0,4734 0,2780
Face 20 0,5561 0,1936
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However, with the 6 feature set, only Face04’s images were not found similar i.e.
Euclidean distance was higher than the threshold.

Fig.7 shows the hierarchical cluster tree obtained for the family-related faces in the
training database where faces were represented with the minimized 6-feature set.
During the identification process, the family related faces were expected to be
clustered in lower levels in the hierarchical cluster tree, depending on the inherited
local features from the family members. Fig.7 shows that one family relation was not
detected i.e. mother and son have similarity above the threshold value and therefore
are not clustered as family-related. If a threshold value of 0.8 is taken, it gives better
detection of family related faces; however it gives worse face identification. (Table 3
and Fig.7)

DETECTION OF FAMILY-RELATED FACES

il

Father and Grandmother
son and Mother  and
A granddaughter son
3

EUCLIDEAN DISTANCE
5}
in

1}
315119207 8 91021222728 1 2 3 4 5 B\U1 1217 168)23 24 25 26 29 30
FACE SAMPLES

Fig. 7. Family related clustering with 6 features

The face shape was taken to be a 7th feature and was used for initial grouping of the

faces, before the hierarhical cluster tree is formed, in order to reduce the face search
space. The face templates were shown in Fig.3. Table 2 shows the identification
results based on all 14 features and the minimum set of 6 selected where the faces are
first grouped by their face shape. This means, identification of the face takes place
after the system has determined the shape of the face. Here the search space is
reduced and identification process of the face continues only in the selected shape
group of faces, instead through the whole database.The results show successful
identification on the selected faces with variable expression based on minimum 7
features'?.
The test dataset consisted of 8 face samples, each with 3 images with different facial
expressions (Fig.8). Only the neutral expression image for each face in the test dataset
is included in the database, while the other two were tested if they are correctly
recognized. The identification results of the test dataset are shown in Table 5.

10 Face shape included
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Table 2. Identification results based on 14-set and 6-set feature with face grouping

Face shape — Euclidean distance

Faces 14-feature set  6-feature
set
Face 01 0,4817 0,2942
Face 02 1,2057 0,5650
Shape 1  Face 03 0,3209 0,1762
Face 15 0,7768 0,3812
Face 17 0,4392 0,3779
Face 09 0,4315 0,1727
Shape 2 Face 12 0,7172 0,3831
Face 13 0,6204 0,3326
Face 04 0,7199 0,3972
Face 05 0,5201 0,1502
Shape3  Face 06 0,8584 0,2718
Face 07 0,2778 0,0936
Face 08 0,4900 0,1830
Shape 4  Face 10 0,6177 0,2680
Face 16 0,5491 0,1692
Face 19 0,8813 0,2969
Face 11 0,7531 0,2058
Shape 5 Face 14 1,2771 0,5253
Face 18 0,3480 0,5024
Face 20 0,7815 0,4482

Table 3. Face identification without face shape grouping

Feature No. of No. of identified Correct No. of identified Correct

set Faces  (Threshold = 0.8) Rate (%) (Threshold=1) Rate (%)
14 features 20 14 70% 17 80%
6 features 20 18 90% 19 95%

Table 4. Face identification with face shape grouping

Feature No. of No. of identified Correct No. of identified Correct

set Faces  (Threshold=0.8) Rate (%) (Threshold =1) Rate (%)
14 features 20 16 80% 18 95%
6 features 20 20 100% 20 100%

Table 5. Face identification without face shape grouping on the test dataset

No. of No.of No. of identified Correct No. of identified Correct
faces images (Threshold =0.8) Rate (%) (Threshold =1) Rate (%)

8 16 14 87.5 % 16 100%
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Fig. 8. Test dataset of 8 different faces, each with 3 images.

6 Conclusion

It was concluded that less features can contribute to better identification if selected
based on their discriminatory properties. Matlab and ImLab helped discriminate the
properties of six important features listed in Section 5. This 6-feature set was
extended with another 7" feature and 100% identification was obtained with the
training database images. The results were confirmed using small test dataset from a
public image database (Fig.8). However, Fig.5 showed clustering of faces that are not
family-related if a higher threshold is taken. This could be because of the similar face
shape taken as a feature in the 14 feature-set, that significantly influenced the
clustering. Fig.7 shows that by taking smaller set of features, family-related members
were successfully clustered in lower levels (below 0.8) and proper identification was
implemented. In future the influence of the rest of the features in the 14-feature set
could be controlled by coefficients which could lead to both, proper identification and
detection of family-related faces.
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