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ABSTRACT :

An automatic human face recognition has been rapidly developing as one
of the most active research areas of pattern recognition and computer
vision due to its promising application such as personal identification
automated surveillance and intelligent human computer interaction
although numerous approaches have been proposed for face recognition
general face identification task is still an unsolved problem. The proposed
method introduces an experimental evaluation to the effectiveness of
utilizing moment features in the application of face identification, where
the simulation results on ORL face database show that this method
obtained good results of 92%. Also, in proposed method the strength of
each feature will be studied.
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1.Introduction
Identity and emotion of person are conveying by the face which is
become primary center of attention in the society. Although the ability to
infer intelligence or character from facial appearance is suspect, the
human ability to recognize faces is remarkable. A thousands of faces that
human have been learned during the lifetime can be recognized, also he
can recognize common faces at a glance even after years of separation.
This ability is relatively strong, although of large changes in the visual
motivation as a result of aging , viewing conditions, distractions such as
glasses, beards or changes in hair style and expression [1].
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Face recognition algorithms can be classified into two broad categories
according to feature extraction schemes for face representation: feature
based methods and appearance methods [2]. In feature based method,
properties and geometric relations such as the areas ,distances, and angles
between the facial feature points are used as descriptors for face
recognition .On the other hand ,appearance based methods consider the
global properties of the face image intensity pattern.

Typically appearance based face recognition algorithms proceed by
computing basis vectors to represent the face data efficiently. In the next
step, the faces are projected onto these vectors and the projection
coefficients can be used for representing the face images[3].

Among the various biometric ID methods, the physiological methods
(fingerprint, face, DNA) are more firm than methods in behavioral
category (keystroke, voice print). The cause is that physiological features
are often unchangeable except by severe injury. The behavioral patterns,
on the other hand, may alter due to fatigue , stress, or illness. However«
behavioral 1Ds have the advantage of being no intrusiveness. People are
more comfortable signing their names or speaking to a microphone than
placing their eyes before a scanner or giving a drop of blood for DNA
sequencing. face recognition has drawn the attention of researchers in
fields from security, psychology, and image processing, to computer
vision [4]. Numerous methods have been proposed for face recognition.
Some recent researches are:

o In 2013, Hamid et al., proposed a method for facial expression
recognizing using texture descriptor for face image. In this method Local
Binary pattern (LBP) is used for feature extraction. In the classification
stage, Support Vector Machine (SVM) is used [5].

o In 2014, Joythi and Parabhakar proposed multi modal for face
recognition. They used curvelet transform for features extraction stage.
The K-Nearest Neighbor classifier is used to compute decision score [6].

o In 2015, K.srinivasa et al. proposed a method for texture face
recognition using Local Ternary pattern (LTP) for feature extraction. A
distance function is used for classifying feature vectors. This method is
applied on ORL database [7].

o Samer Kais [8] proposed a method for face recognition using
Discrete Cosine Transform (DCT) on face image block and Principle
Component Analysis (PCA) is used on each block to reduce dimension.
Then each reduced block is modeled using Hidden Markov Modal
(HMM).

o S. Majumder and Devendran B. [9] using lifting schema to
construct Discrete Wavelet Transform (DWT) structure. Then local

-2-



Sl Gl
2.5}.45\315@\&3)*4&53)

Ak A 20 s — N Al
YOV gbeall palad) saial)

binary pattern is used for feature extraction. At last stage Euclidian
distance is used for features classification.
The rest of the paper is organized as follows; section 2 present the
proposed method. Section 3 gives experimental results and discussions.
2. Proposed Method
The proposed method implements the face identification system based on
two stages, the first stage is feature extraction stage and the second stage
Is the classification stage. The feature extraction stage includes using nth
order moment histogram features, while the classification stage includes
using Nearest centroid classifier.
The proposal method algorithm implemented by using Delphi packages,
this work is applied classifier for a face database consist of 100 face
images from ORL database.

The proposed system consist of many stages as depicted in the
figure (1):

Features Classification
e S

Extractio stages
A

Input test
image

Face database

2.1 Olivetti Rese@pore L1aBevatdithe(@eRbspDaswBase Of Face

This paper consider the well known database that taken in
Cambridge UK [10].this database contains a set of faces images taken at
different times, varying lighting facial expressions i.e. open and closed
eyes, smile and non smiling, and facial details such as glasses or no
glasses. All the images were taken against homogenous background with
the subject in an upright. Figure (2) shows samples of ORL database.

BRI

Figure (2)Samples of ORL database
2.2 Feature Ext. oo,

One approach of texture analysis features is Statistical Frequency
Intensity Histogram (SFIH). One type of measures is based on statistical
moments. The equation (1) depicts the nt* order movements about the
mean [11]:
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Where g; is arandom variable referring intensity or gray level.
P(g;) is the probability of the intensity levels in the image.

L is the number of possible gray levels.
M Is the average of intensity levels, which is computed
according to the following equation:
M=Y1gp(@) e (2)

2.3 Classification Stage

The next stage is the classification stage, and consists of using Nearest
centroid classifier measurements; the goal of this stage is to find the
nearest template to the input face image. In machine learning, a nearest
centroid or nearest prototype classifier is a classification model that
assigns to (input test face image) the label of the class of training samples
whose mean (centroid) is closest to the observation.

Nearest centroid classifier is computed according to the following steps

[12]:
Stepl: at the training stage, given labeled training
samples {(Z1,11),- 5 (T, Yn) } with class labels v €Y, compute the
per-class centroids according to the following equation:
rﬁf = GL{ Z :Ei'
et 3)

where G{ Is the set of indices of samples belonging to class ¢ € .
Step2: Prediction function: the input test image is assigned to a
class « by measuring the Euclidian Distance between the input test
image and each class template in database. The class that have minim
distance will be the ID of input image according to the following
equation:

-

-1

y = ELI'g M leY L 4)

3. Experimental Results
In this section, two stages are applied in the proposed method. These are
training and testing stages respectively.
3.1 Training Stage
In this stage, the features are extracted and saved in temporary file
(database). The number of training images for each person is taken four
images.
3.2 Testing Stage

In this stage, the enroliment image is fed to the system at first, then
moment histogram features are extracted and save in features vector. At
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last stage the comparison between test features vector and all saved
features templates is done using Euclidian distance and the template that
give smallest distance represent the ID of enrollment (testing) image.
In this section, the results will be review using recognition
accuracy (R) parameter, which computed using the following formula:
R = (Number of succes§ images )x100 i (5)
Total number of images

Table (1) shows the results of attained overall recognition accuracy (R)
using four training samples.

Table(1) Overall recognition accuracy for ORL
database with training samples is set 4

Recognition Number of n
Accuracy R moment features
(%)

61,458 5

86,559 25

88,542 50

90,625 80

90,625 90

It can be shown from table (1) that recognition accuracy increased as the
features number increased and reach the highest value with feature
number (50). As the number of training samples increased the overall
recognition accuracy increased as shown in table (2).

Table(2) Overall recognition accuracy for
ORL database with training samples is set 5

Recognition Number of n
Accuracy R moment features
(%)
72 5
87 25
90 50
90 80
92 90
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3.3 Discrimination Power of Each Feature

To study the effect of each feature on recognition accuracy a heuristic
features analysis method is used. So, the feature vector will contain
ninety elements. The discrimination power of each feature (from the
ninety features) is shown in figure (3). Four images have been used in the
training phase, while all images belong to all classes have been used in
testing.

features recognition rate

recognition rate
P =R NN W W
o U1 O U1 O Un
1 1 1 1 1 J

(%2
1

o
1

123456 7 8 91011121314151617 1819 20

feature index number

Figure (3) The discrimination power of each feature calculated for
the four training images belong to ORL

As shown from figure(2) The horizontal axis in the figure represents the
index number of the used feature, while the vertical axis represents the
attained recognition rate. The presented results indicate that the feature
with index number (5) is the best one because it led to highest recognition
rate (31%), while feature number seven led to the lowest recognition rate
(5%). The combinations of two, three, four, and ten features have been
taken into account to improve the overall success rate of the recognition
system. The best attained recognition rate for combinations of two
features was (45%); it is met when combining features 1 & 5.

4. Conclusions and Future Works

In this paper, a new method was proposed for face identification using
moments based histogram features. The proposed face identification
method is relatively simple and efficient as shown from the attained
results. It is found from the obtained results that:

1. image histogram proved to be good face representation media to
provide discriminating features lead to good recognition accuracy.
2. It can be noted as the number of features increased, the recognition

accuracy increased. Also, it can be shown from figure (3) that not all the
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features effect on the recognition accuracy, where there are some features
effect on recognition accuracy badly.

For future works, only the features that have strength power on accuracy
results will be taken and neglected other features. Also, other texture
feature sets such as GLCM (Gray Level Coocurrence Matrix) and RLM
(Run Length Matrix) can be used.
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ABSTRACT

In this paper, ( Sn;4VxO) thin films, where (x =0, 2, 4, and 6) % have
been deposited on glass substrates by chemical spray pyrolysis technique
(CSP) at substrate temperature of (400 °C), thickness of about (400+10)
nm and annealing temperatures (550 °C). The structural properties of
these films have been studied using XRD. XRD investigations results
showed that all the films before and after annealing temperature were
polycrystalline in nature with tetragonal structure and preferred
orientation along (110) plane. Doping with Vanadium caused decrease
the grain size before and after annealing temperature, increase of
dislocation density, micro strain before and after annealing temperature.
Keywords: SnO, , thin films, Annealing, Spray Pyrolysis, Structural
Properties.

1-INTRODUCTION

Tin dioxide, SnO,, is an important n-type semiconductor, It is a
tetragonal rutile structure with lattice parameters (a = b =4.737 A) and (c
= 3.826 A) , The unit cell contains two tin and four oxygen atoms. Each
tin atom is bound to six oxygen atoms  at the corners of a regular
octahedron, and every oxygen atom is surrounded by three tin
atoms[1]. Tin oxide has been extensively investigated for gas sensors,
optical-conductive coatings for solar cells [2], and electrocatalytic
anodes[3], glass coatings for furnace windows as well as transparent
electrodes for liquid crystal displays[4]. Tin dioxide (SnO,) has a density
of (6.95g/cm®) and molecular weight of (150.69 g/mol). Its melting point
Is (2360 °C) [5]. SnO2 films have been fabricated using various
technologies such as sol-gel, spray pyrolysis, ion beam sputtering,
magnetic sputtering, and pulsed laser[6]. Vanadium (V) lies with the
transition metals on the periodic table, The atomic number of VVanadium is
23 with an atomic mass  of 50.94 [7]. In this study we report the effect
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of annealing temperature on the structural properties of ( Sn;4V,O,)
film.

2. EXPERIMENTAL PROCEDURE

Chemical spray pyrolysis technique was used to deposit undoped and
Vanadium -doped (SnO,) films on glass substrates at temperature of (400
°C). A homogeneous solution was prepared by dissolving (SnCl,.5H,0)
and (VClIy) in distilled water at the concentration of 0.1 M at room
temperature in which the volumetric ratios of V were (0,2,4.6,)%.The
resultant solution was sprayed on glass substrate. Other deposition
conditions such as spray nozzle substrate distance (30 cm), spray time (7
s), spray interval (3 min) and pressure of the carrier Oxygen gas (1.5 bar)
were kept constant for each concentration. The prepared films was
treated at (550 °C) for 2 h. The X-ray diffraction patterns for the prepared
films were obtained in a (Shimadzu XRD-6000)
goniometer using copper target (CuKal, 1.5416 A) .

3. RESULTS AND DISCUSION
Structural analysis

The X-ray diffraction pattern before and after annealing for the
undoped and Vanadium doped SnO, deposited at (400 °C) are shown in
Fig. (1) and Fig.(2). The diffraction peaks (110), (101), (200), which is in
agreement with the Joint Committee of Powder Diffraction Standards
(JCPDS card number (41-1445) with a tetragonal unit cell showing a
preferred orientation along (110), and doping with V led to an decrease in
the intensity of the diffraction peaks.
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Fig.(1) X-ray diffraction pattern for the undoped and V doped SnO,
before annealing

T
=) AfterAnnealing
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1 Y 1
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o~ A

Intensity(a.u)

] /\Q/\—\‘ Undoped(Sno,)
g N
2IO . 3IO . 4IO . 5IO I GIO . ?IO
20
Fig.2 X-ray diffraction pattern for the undoped and V doped SnO,

after annealing

(3-1) The average crystallite size

The average crystallite size for the films can be calculated for (110)
direction by
Scherrer formula by using the relation [8]:
D=KA/BcosO...................... (1)

It is observed that the crystallite size for the Tin Oxide thin films from
the (110) peaks decrease when ratio of doping by Vanadium increase, and
the range of average crystallite size (4.54 - 2.68) nm before annealing
and (4.60 - 3.78) nm after annealing as shown in Figure(3). The decrease
of average crystallite size in our samples shows that at least a small
quantity of V** ions substituted the Sn ions, since the V** ionic radius
(0.58 A) is smaller than that corresponding to Sn** ion (0.71 A)[9]. as
shown in Table (1).
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Fig.3 shows Average crystallite size as function of percenteg of doping
before and after annealing

Table 1. Structural parameters of V-doped Tin Oxide thin films before
after annealing .

and

Befor

-12-

" 110 110 110 110
After 110 110 110 110
Begor 26367 26528 26528  26.329
After 26511 26511 26904  26.676
Begor 33770 335728  3.358 3.382
After 3359  3.354 2.916 3.339
Begor 180 205 232 278
After 177 1971 2.00 2.163
Begor 454 398 352 294
After  4.60 4.14 4.09 3.78
Begor 0.0485 00631 00807  0.1156
After 0.0472 00512  0.0598 0.699
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No B?"Aﬂ% 6.2344 01232  15.7404
2
(M) “Atter 41100 5637 5.846 7.406
Te) ijor 16949  1.796 1.807 1.724
After 1280  1.417 2.006 1.736
Lattice ~ Befor ... 449 4.748 4.783
constant e
@)  After 4188  4.216 4.850 4.235
L attice Begor 3167  3.154 3.154 3.205
constant
(c)  After 5625 5538 5.955 5.423

(3-2) The lattice constants (a,, Co)
The lattice constants (a,, C,) for the films can be calculated as the
following [10]:

2 2 2
=Tt o e, )
The lattice constants(a.) calculated for (110) direction and (c.) calculated
for (101) direction. All values of the lattice constants decrease when ratio
of doping by vanadium increase, and the range of lattice constant (a.)
IS (4.748- 4.776) nm before annealing and (4.188- 4.850) nm after
annealing and the range of lattice constant (c.) is (3.154- 3.205) nm

before annealing and (5.423- 5.955) nm after annealing .

(3-3) Texture coefficient T¢(hkl)

The texture coefficient (Tc) represents the texture of a particular plane,
in which greater than unity values imply that there are numerous of grains
in that particular direction. The texture coefficients Tc(hkl ) for all
samples have been calculated from
the X-ray data using the well-known formula [11]:

~1(hkI)/1,(hkI)
Tc (hkl) = NS (kD T (kD)

where I(hkl) is the measured intensity, 1,(hkl) taken from the JCPDS data,
(N) is the

eflection number and (hkl) is Miller indices. The texture coefficient is
calculated for crystal plane (110) of the undoped and V- doped SnO,
films before and after annealing. All values of texture coefficient were

-13-
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greater than 1 which indicates the abundance of grains in the (110)
direction.

(3-4) Dislocation Density ()
The dislocation density is the measure of amount of defects in a
crystal. The dislocation density (3) can be calculated as the following

[12]:

8= 1/Day® teeereeeeieiiieeieeaei, (4)

The small value of dislocation density obtained in the present work
confirmed good crystallinity of the ( Sn;,Vx0,) thin films

fabricated by employing spray pyrolysis technique. Dislocation density
increase when ratio of doping by V decrease, and the range of dislocation
density (0.0485-0.1156) nm before annealing and (0.0472 -
0.699) nm after annealing as shown in tabl.(1).

(3-5)The Number of crystals (N,)
The number of crystals per unit area can be calculated as the
following[13]:

No =t/ Day’ weveeeeeeeeeeieeee . (5)

Where t : is the thickness and N,: is the number of grains It can be
seen that the number of crystals of prepared films have
values in the range of (4.2745-15.7404nm™®) before

annealing and (4.1100- 7.406 nm™) after annealing as shown in tabl.(1).

(3.6) Specific Surface Area (SSA)

SSA is the area per unit mass, it is factor to determines bulk rates of
such reactions (unit m?/g) [14]. It is very important in the nanoparticles
because their large surface to volume ratio with a decrease in particle
size[15]. SSA used in materials to determine their types and properties
and is also used in case of reactions on surfaces, heterogeneous catalysis
and adsorption[16].

Mathematically, SSA can be determined by using the relation(6) [17].
Specific surface area for undoped and V doped SnO, is shown in table
(2).

SSA=6*10°/D.p  .coerir (6)

Where : SSA is the specific surface area and p is the density for

undoped and
V doped SnO,.

-14-
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Table (2): Specific surface area for undoped and V doped SnO, before
and after annealing.

p Dav SSA
Sample  (g.cm®) (nm) (m%.g™)
Before After Before After
Undoped- 6.95 454 4.6 188 187
SnoO,
SN gV 0020, 6.87814  3.98 4.14 219 210
SN g0V 0040, 6.80628 3.52 4.09 250 215
SN o4V 00602 6.73442 294 3.78 303 235

From table (2) it shows that SSA increases when the particle size
decreases because of the particle diameter decreased.

4. Conclusions

We have synthesized Sn;,V,O, with (x = 0, 0.02, 0.04, 0.06) and
(0.08). The Influence of the doping degree on XRD of these Thin
films was investigated.
The XRD results showed that all films are polycrystalline in nature with
tetragonal structure and preferred orientation along (110) plane before
and after annealing. The intensity of peaks was decrease with
increasing of doping, The crystallite size and lattice constants was
decrease with increasing of doping, While dislocation density, number of
crystal and Specific Surface Area were increase with increasing of doping
before and after annealing.
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