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ABSTRACT

Nowadays, face is a crucial field for many pattern recognition
researchers. It is considered as a good way for biometric
authentication in many surveillance systems. The most
important issue in face recognition is the features extraction
from the face’s images of the person’s images or videos. In
this paper, a proposed method has been introduced to identify
person images, which are captured by cameras. This method
depends on Active Horizontal Levels (AHLs) feature. Gain
ratio attribute (feature) selection has been used to choose the
Horizontal Levels (HLs) that lead to the highest identification
rate. The proposed method was evaluated against BiolD, UK,
ORL and FEI face database, to recognize person from one
image. The experimental results reveal the effectiveness of
our proposed method against other face recognition methods
to achieve better accuracies.
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1. INTRODUCTION

Biometric-based technologies include identification based on
physiological characteristics (such as face, fingerprints, finger
geometry, hand geometry, hand veins, palm, iris, retina, ear
and voice) and behavioral traits (such as gait, signature and
keystroke dynamics) [1]. Face recognition is a task so
common to humans, that the individual does not even notice
the extensive number of times it is performed every day.
Although research in automated face recognition has been
conducted since the 1960’s, it has only recently caught the
attention of the scientific community. Many face analysis and
face modeling techniques have progressed significantly in the
last decade [2]. However, the reliability of face recognition
schemes still poses a great challenge to the scientific
community [3]. Facial recognition holds several advantages
over other biometric techniques. It is natural, non-intrusive
and easy to use. The basic face information consists of [2]:
Landmarks set is a set of x and y coordinates that describes
features (here facial features) like eyes, ears, noses, and mouth
corners. Geometric information is the distinct information of
an object’s shape, usually extracted by annotating the object
with landmarks. Photometric information is the distinct
information of the image, i.e. the pixel intensities of the
image. Moreover, Shape is all the geometrical information
that remain when location, scale and rotational effects are
filtered out from an object. The face recognition technique can
be broadly divided into three categories: methods that operate
on intensity images, methods that deal with video sequences,
and methods that require other sensory data such as 3D
information or infra-red imagery [4].

Liposcak and Loncaric [5] reported a 90% accuracy rate using
subspace filtering to derive a 21 dimensional feature vector to
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describe the face profiles and employing the Euclidean
distance measure to match them on a database of 30
individuals, Swets and Weng [6] achieved a 90% accuracy,
when employing the Fisherfaces procedure, on a database of
1316+298 images from 504 classes. Nefian and Hayes [7]
reported 98% using embedded Hidden Markove Method
(HMM) face models on the ORL database. Haddadnia et. al.
[8] used Principle Component Analysis PCA, the Pseudo
Zernike Moment Invariant (PZMI) [2] and the Zernike
Moment Invariant (ZMI) to extract feature vectors in parallel,
which were then classified simultaneously by separate RBF
neural networks. The outputs of these networks were then
combined by a majority rule to determine the final identity of
the individual in the input image. Jain et al. [9] performed the
super classifier based on a voting scheme for the entire video
sequence using 174 images of the eyes of 29 people (6 images
per person), good recognition results (97.7% accuracy) have
been reported. Gordon [10] calculated the principle curvatures
of the face surface from range of data. The system was tested
using the face images of 8 people (3 images per person),
recognition rates of 97% and 100% were reported for
individual features and the whole face respectively.
Culter [11] applied the eigenface technique to a database of
288 hand-aligned low-resolution (160x120) images of 24
subjects taken from 3 viewpoints. The following recognition
rates were reported: 96% for frontal views, 96% for 45
degrees views, and 100% for profile views. Dagher [12]
employed Incremental PCA-LDA algorithm on BiolD face
database, and reported a 86.67% accuracy rate.

In this paper, we implement a proposed person’s identification
approach. Based on face, a new feature extraction algorithm
has been introduced. The extracted feature represents person’s
presence at different horizontal levels. Active Horizontal
Levels (AHLSs) are selected to create a set of horizontal levels
that achieve the best identification results. The proposed
algorithm is implemented and evaluated against four face
databases. Finally, a comparative study is introduced, where
AHLs feature is compared with other methods published in
literature and provides significant improvement.

2. THE PROPOSED IDENTIFICATION
MODEL BASED ON FACE

The face recognition problem can be formulated as follows:
Given an input face image and a database of face images of
known individuals, how can we verify or determine the
identity of the person in the input image?

2.1 Architecture of the Proposed Model

The architecture of the proposed model for human
identification system based on face passes through two
processes: the learning process (Enrolment) and the
identification process (Testing) as shown in figure (1). The
major functional units of each process will be introduced in
the following sections. The proposed model has been
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implemented using Matlab R2010b as a programming
language.
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Fig. 1 The proposed model architecture

2.2 Pre-processing Phase

The preprocessing phase includes defining the face's region of
interest. Then, the next step is converting the color or gray
level image to B/W image. Furthermore, the converted B/W
image is resized into 100 x100 as shown in figure (2). The
main reason for the preprocessing phase is two folded. The
first one is the attempt to reduce the size of pattern vector.
The second one is to isolate information of the image that
distinguish faces.

Fig. 2 The Pre-processing phase

2.3 Feature Extraction Phase
In this phase, two algorithms are presented. These are feature
extraction algorithm and AHL algorithm.

a) Feature Extraction Algorithm: The key to the success of
any face identification system is the face features extraction.
Consequently, this paper resorts to the use of appearance
features to characterize human face. The proposed feature
extraction algorithm is developed by projecting each
preprocessed B/W image on all horizontal levels (for example
1%, 2%...99%, 100% of the B/W image’s height). At each
horizontal level, the valid number of occurrence of face pixels
is recorded. Thus, for each B/W image a vector of the valid
number of face pixels in these horizontal levels is produced so
as to obtain a vector of human pixels along all horizontal
levels. We denote the presence counter for the d projection
level by X[d], where d varies from 1 to 100 levels and thus
X={X[1], X[2], ..., X[100]}. These projection horizontal
levels fulfill the description of the face pattern. Moreover, for
normalization, the extracted feature vector X is divided by the
maximum to generate the Normalized Image Feature Vector
(NIFV). Moreover, the NIFVs of the sequence of images
belonging to the same person are combined to build a two-
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List 1: Feature Extraction Algorithm

Initialization:

d =1, and d is assigned a value from 1 to 100
(where d is the horizontal level and 100 is the maximum
number of levels)
Step-1: Calculate X[d], where X[d] is the number of pixels
for a face's appearance on horizontal level d

Step-2: Increment d.
Step-3: Repeat Step-1 and 2 until d = 100.
Step-4: Find maximum value Xy, for X[d] elements.

Step-5: Divide each element in X[d] by Xyax t0 generate
Normalized Image Feature Vectors (NIFV), and thus
overcoming the scaling problem.

dimensional NIFV. List 1 introduces feature extraction
algorithm.

b) Active Horizontal Level Algorithm: The second algorithm
following the feature extraction phase is the feature selection
that can be used for person’s authentication. Feature selection
is the process of removing features from the data set that are
irrelevant with respect to the task that is to be performed.
Feature selection can be extremely useful in reducing the
dimensionality of the data to be processed by the classifier.
Moreover, the feature selection will tend to reducing
execution time and improving predictive accuracy (inclusion
of irrelevant features can introduce noise into the data, thus
obscuring relevant features). It is worth noting that even
though some machine learning algorithms perform some
degree of feature selection themselves (such as classification
trees). Feature space reduction can be useful even for these
machine learning algorithms. Reducing the dimensionality of
the data decreases the size of the hypothesis space and thus
results in faster execution time. In general, feature selection
techniques can be divided into two categories : filter methods
and wrapper methods. Wrapper methods generally result in
better performance than filter methods[13]. Different feature
ranking and feature selection techniques have been proposed
in machine learning literature, such as: Correlation-based
Feature Selection (CFS), Principal Component Analysis
(PCA), Gain Ratio Attributes Selection (GRAS), Information
Gain Ratio Attributes Selection (IGRAS), Chi-Square
Attributes Selection (CSAS) and Support Vector Machine
Feature Elimination (SVMFE). Moreover, forward selection,
backward elimination, bi-directional search, best-first search,
Genetic search and other methods [13] are often used in this
task.

In this paper, the performance of the feature selection
algorithms (GRAS, IGRAS and CSAS) are evaluated, and the
classifiers chosen including a wide range of paradigms
(Neural Network with multilayer perceptron, IBK, Kstar,
NNge, J48, and FT) are compared. Moreover, the mentioned
classifiers techniques are used to evaluate the proposed
selected feature.

The used Neural Network (NN) classifier is a predictive
model loosely based on the action of biological neurons
placed in several layers. The input layer takes the input
feature and distributes it to the hidden layers which do all the
necessary computations and outputs. The implemented IBK
classifier is a K-Nearest Neighbor (K-NN) classifier and
constructs decision boundaries by just storing the complete
training data. The Kstar classifier is an instance-based
classifier [13]. The NNge classifier is a Nearest-Neighbor-like
algorithm, using non-nested generalized exemplars, which are
hyper rectangles that can be viewed as if-then rules [14]. The
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J48 classifier is the WEKA implementation of the C4.5
algorithm [15]. The Functional Trees (FT) classifier combines
a standard univariate Decision Tree (DT), such as C4.5, with
linear functions of the attributes by means of linear
regressions [15]. The written code was based on the WEKA
data mining package and the default parameters used for each
algorithm. All experiments were carried out using a 10-fold
Cross Validation (CV) approach to control the validity of
experiments.

The proposed Active Horizontal level (AHL) as a feature
selection algorithm is presented in List 2. First, select a
sequence NIFV’s and consider them as a Reference NIFV’s
(RNIFV’s). Second, calculate Gain Ratio value for every
horizontal level (distance value). Select the horizontal level
that has the highest Gain Ratio value. Then calculate the
accuracy, using K-Nearest Neighbor (IBK) classifier, which
has achieved the best accuracy among all other classifiers.
The obtained results will be shown in experiment (1). Finally,
repeat the previous steps as long as the accuracy is not
decreased to get all possible horizontal level and is denoted by
AHL. Classification accuracy is calculated by dividing the
number of correct classified instances by the total number of
instances [13].

| List 2: AHL Algorithm |

main()

{ L=[]; //Initialize the AHL’s vector.
d=1

Do {

AC[d]= GainRatioValue [d] // GainRatio value for d i level.
Increment d.
IWhile (d < 100)

The AC[d] is stored in a decreasing Order.

Do {
Get index d of the maximum value for AC[d] and place it in
AHL’s vector L
Calculate the accuracy by using IBK as a classifier and place
the index d as a new attribute in vector L.
} While (value of accuracy increases)

3
3. FACE DATABASES

In order to build a reliable face identification algorithm, a
number of sizeable databases of face images are needed.
Many face databases to be used for noncommercial purposes
are available on the internet, either free of charge or for small
fees. These databases are recorded under various conditions
and with various applications in mind. The following sections
briefly describe some of the available databases which are
widely known and used.

BiolD Face Database [16]: The BiolD face database is one of
the largest databases that is used in human identification using
face. The BiolD database was recorded in 2001. BiolD
contains 1521 images of 23 persons, about 66 images per
person. The database was recorded during an unspecified
number of sessions using a high variation of illumination,
facial expression and background. The degree of variation
was not controlled resulting in “real” life image occurrences.
All images of the BiolD database are recorded in grayscale
with a resolution of 384 x 286 pixels. Some examples from
the BiolD dataset are shown in figure 3.
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Fig. 3: Examples of BiolD images

UK database [16]: The UK database contains 395 individuals
(male and female), 20 images per individual. It has images of
people of various racial origins, mainly of first year
undergraduate students, so the majority of individuals are
between 18-20 years old but some older individuals are also
present. Some individuals are wearing glasses and some have
beards.

Fig. 4: Examples of UK face database

ORL Face database [16]: The ORL database contains a set
of face images taken between April 1992 and April 1994 at
the lab. There are ten different images of each of 40 distinct
subjects. For some subjects, the images were taken at different
times, varying the lighting, facial expressions (open / closed
eyes, smiling / not smiling) and facial details (glasses / no
glasses). All the images were taken against a dark
homogeneous background with the subjects in an upright,
frontal position (with tolerance for some side movement). The
size of each image is 92x112 pixels, with 256 grey levels per
pixel. The images are organized in 40 directories (one for
each subject). In each of these directories, there are ten
different images of that subject.
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Fig. 5: Examples of image variations from the ORL
face database

FEI Face database [16]: The FEI face database is a Brazilian
face database that contains a set of face images taken between
June 2005 and March 2006, between 19 and 40 years old with
distinct appearance, hairstyle, and adorns. The number of
male and female subjects are exactly the same and equal to
100. Figure (6) shows some examples of face images. There
are 14 images for each of 200 individuals, a total of 2800
images. All images are colorful and taken against a white
homogenous background in an upright frontal position with
profile rotation of up to about 180 degrees. Scale might vary
about 10% and the original size of each image is 640x480
pixels.
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Fig. 6: Examples of image variations from the FEI face
database

4. DISCUSSION AND EXPERIMENTAL
RESULTS

To evaluate the proposed model, three experiments were
performed using the four prementioned face databases which
have different variations such as (pose, smile, direction,
speech, with glass and etc...)

Experiment 1: In this experiment, the feature selection
technique and the classifier are both selected according to the
best results achieved in order to use them in the AHL
algorithm. The following steps are applied using a number of
feature selection techniques including CSAS, GRAS and
IGRAS. The aim of the feature selection algorithm is to
choose the most effective attributes, the active horizontal
levels in this case, among all the horizontal levels. The
algorithm is applied on 40% from UK face database. In the
classification, all attributes of the dataset have been first
selected. Then cross validation of 10 folds have been chosen
as test method using WEKA implementation. Table 1 shows
the accuracies using NN, IBK, Kstar, NNge, J48, and FT
Classifiers, among different feature selection techniques
including CSAS, GRAS and IGRAS algorithms applied on
UK database. The average accuracy for GRAS (97.1%) as
good as IGRAS (96.93%), better than CSAS (96.55%), and
better than using all attributes (96.7%) without selection.
Furthermore, the reduction ratios (RR) for all attribute
selection techniques are equal (70%).

This experiment is repeated using ORL,FEI and BiolD face
databases. All results refer that the GRAS ratio attribute
selection and IBK classifier achieve the best accuracy among
all other attributes selection and classifiers.

Table 1. The resultant accuracies using six classifiers
versus three attribute selection techniques

All

(Rcészéoi) (}E}iij(\)go) (LE 5 ;?)\lyso) Attribute

(RR = 0%)
NN 97.6% 98.6% 98.6% 98.1%
IBK 98.9% 99.4% 99.3% 99.2%
Kstar 98.9% 98.9% 98.9% 98.9%
NNge 99.1% 99.1% 99.1% 99.1%
748 90.3% 92.1% 91.2% 90.4%
FT 94.5% 94.5% 94.5% 94.5%
'fc"c‘zrrae?cey 9655% | 97.1% | 96.93% | 96.7%

Experiment 2: In this experiment, the AHL algorithm is
applied to determine the best attributes (levels) corresponding
to the best accuracy. From experiment 1, the average accuracy
of GRAS technique was better not only than CSAS and
IGRAS techniques, but also than using all attributes.

Furthermore, the accuracy of IBK classifier was better than
NN, Kstar, NNge, and FT classifiers and superior than J48
classifier. Therefore, the GRAS technique and IBK classifier
were selected to perform the proposed AHL algorithm.
Figure (7) shows the accuracy results for different number of
AHLs based on cross validation of 10 folds as a test method
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using the IBK classifier on 40% from UK face database. It
could be noticed that the minimum number of AHLs is 30
levels that achieve the best accuracy (99.4 %).

This experiment is repeated using ORL,FEI and BiolD face
database. It could be noticed that the minimum number of
AHLs is 35 levels that achieve the best accuracy (81.62 %) on
40% from ORL face database, 45 levels that have the best
accuracy (75.49 %) on 40% from FEI face database, and is 35
levels that achieve the best accuracy (99.2 %) on 40% from
BiolD face database. A union operation is applied on different
AHLs which are produced from this experiment. Figure (8)
shows the final active horizontal levels (50 levels) for a B/W
face image.

Accuracy (%)

S 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100
Number of Selected Attribute

Fig. 7: Accuracy results for different number of AHL
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~

Fig. 8 Active horizontal levels for a B/W face

Experiment 3: This experiment is implemented to evaluate
our proposed model (AHLs algorithm) using Euclidean
distance classifier for different number of persons, for four
face database (UK, ORL, FEI and BiolD), which have
different variations. The experiment is applied after using
40% of each database in the training phase as shown in
Table 2, 3,4, 5.

Table 2: Accuracies of Euclidean distance classifier for
different number of persons of UK face database

UK Number of persons
database 75 150 225 300 395
All Qa1 204 Qa1 Q04 Q1 Q04 Q1 7R0A 91.61

Table 4: Accuracies of Euclidean distance classifier for
different number of persons of FEI face database

Number of persons

FEI database

75 125 | 175 | 200
P Al 86.44 | 8547 | 8462 | 84
varic:t(ieon attributes ’ ’ )
AHL | 8356 | 8267 | 8L67 | 80.71
) All ) ) ) )
smie | e 85.33% | 83.29% | 83.43% | 8L5%
AHL | 89.33% | 89.6% | 88.29% | 84.5%

Table 3: Accuracies of Euclidean distance classifier for
different number of persons of ORL face database

ORL Number of persons
database 20 25 30 35 40
All 94% | 93.6% | 93.67% | 92.57% | 93.25%
attributes
AHL 905% | 92% | 91% | 89.43% | 8%
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5. COMPARATIVE STUDY

To evaluate the performance of our proposed model we
should compare it with other models. Thus, an experiment is
performed on Biold face database to compare our proposed
face idintification method with the Incremental PCA-LDA
(Principle Component Analysis - Linear Discriminant
Analysis) algorithm in [12]. This algorithm computes the
principal components of a sequence of vectors incrementally
without estimating the covariance matrix and at the same time
computing the linear discriminant directions along which the
classes are well separated. Figure (9) shows the comparison of
the face identification performance of our proposed method
versus our proposed algorithm in [17], and Incremental
PCA-LDA algorithm in [12], using IBK classifier. In this
experiment, 40% and 60% training dataset, and 10-foldes
Cross Validation techniques for testing. The experimental
results show that the accuracy of our proposed algorithm
using 40% training dataset is 98.8% superior than that
algorithm proposed in [17] (93.1%) and IPCA-LDA (75%).
Furthermore, by using 60% training dataset, the result of our
proposed algorithm is 99.1% superior than that algorithm
proposed in [17] (95.1%) and IPCA-LDA (72.5%). Moreover,
by using 10-folds cross validation is the result of our proposed
algorithm 99.6% better than that algorithm proposed in [17]
(96.5%) and IPCA-LDA (86.7%).

1007
e I
& 50 -
> |
7 60 —
E
g 40+ —
L
20 - —
. T T 1
10-folds 60% 40%
cv Training Training
Dataset Dataset

AHL algoritim Ml Aleoritmin[17] O PCALDA [

Fig. 9: Accuracies results comparing our proposed
method with that proposed in [17] and IPCA-LDA in [12]

6. CONCLUSION

This paper has addressed the problem of face identification
based on appearance features in human faces, with
considering the issues of distance metrics and scales. Our
major contribution lies on offering a promising method to
extract face feature (AHL). This feature is invariant under
scale, transform, smile, pose, direction, speech, with glass,
with beard and illumination. Experimental results on BiolD
face database [16] indicate that the proposed algorithm is
better than that algorithm proposed in [17][12] in case of
using 40% Training dataset, 60% Training dataset, and
10-folds Cross Validation.
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Table 5: Accuracies of Euclidean distance classifier for
different number of persons of BiolD face database

BiolD Number of persons
database 15 20 23
All attributes 99.8% 99.3% 99%

AHL 100% 99.5% 99.1%
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