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ABSTRACT

Face recognition is actively growing area of reskdrecause it is applied in numerous practicaliegjibns such
as bank identification, security cameras, criminakstigations, security monitoring, and surveitlarsystem and helps to
aid national security. Face is a type of biometharacteristic of the human which is unique to eagsman. The face is
recognized by considering features i.e. eye distanose distance, lip distance, etc. In this papdryman presence is
detected by extracting the skin region by usingBlygenface approach. After detecting the skinaegihe individual face

is recognized using a Neuro-Fuzzy. The experimaatallts show the effectiveness of the proposdthique.
KEYWORDS: Skin Detection, Neuro-Fuzzy, Eigenface, Face Reitiog

[. INTRODUCTION

Eigenface technique is a straightforward and stroethod for face detection and recognition prob[éingt can
classify faces accurately with very short timecomparison with other techniques such as learniagtdf Quantization
(LVQ) or Self Organizing Map (SOM)[2]. Previouslihe algorithms that target the image recognitiocu$ed on some
features of the face. However, the Eigenface metbods on more features of the face to registerenigiormation to

classify faces by considering general facial pagg].

Some of the main patterns that the Eigenface ussde specific facial features. Registering marferimation

can naturally analyze the images in an enhanced iwapmparison with feature-based face recognit@thods[4].

Eigenface is basically a bases vector for realSawéhich relates to some transformation algoritteush as
Fourier analyses, that sums the sinusoid weightiiffstrent frequencies and then recomposes theakignits original
shape. Eigenface follows the same way by summiagumbights of Eigenfaces in order to rebuild didtifeatures of the

face of a person.
Eigenface recognition system consists of two phases

» Creating the Eigenface bases and recognition, and

» Detecting new faces

The rest of this paper is organized as followstisecll describes a brief literature review on fagdetection
systems, section |l provides a description of Higenface approach, section IV describes the N&wroy approach,
section V presents the simulation of the new apgrpsection VI provides the performance evaluatiod finally section

VII presents the conclusion of the paper.
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II. LITERATURE REVIEW

Facerecognition techniques can Idivided into two main categorize$he first category is the face recognit
from intensity images. Ais category has a number of approaches such turebased su-category, which depends on
eliciting the main facial feates such as nose, mouth or €[5]. Many approaches follow under this category. Kartda
[6] employed simple image processing methods to exéraetctor of 16 facieparameterswhich were ratios of distanc
areas and angles. Brunelli et alrfi§de an enhancement on the previous apptby making the vector of 35 geomet
features. The second clashdistic. This approach depends on identifying the face ugiagentire image instead of loc
features of the face. Sivovich et al§8td the principal components analysis (PCA). Thek et al[9] proposed to use
Eigenface to recognize facékhai et g[10] used artificial neural network for face remition. They proposed to combine
AdaBoost and artificial neural network as ybrid methodology to detect faces[1Bhamla et al proposed a fe
recognition systerbased on neural netwoand was implemented using Matlathey proposed to laba self-organizing
feature maps (SOMp measure image similar[11]. Aborisade, D.O, proposed a novel fuzzy logic basgge detectio
technigue whictused three linear spatial filters to generate 3edgrength value at each pixel of a digital imgarough
spatial convolution process[1Rizon et ¢13] proposed an approach to detect famgsisingEigenface to recognize the
face and neural networks to recognizewhom the image belongs to. They reportédt they raised the speed

recognition.
Ill. EIGENFACE RECOGNITION

The steps for detecting a fabased oEigenfaceechnique is shown in the flowchart in figll.

Take images of faces

v

Reshape Images

v

Build database

7

Eigenface DB

v

Top Eigenfaces

v

TestImages

v

Compare tests

v

Match from DB

Figure 1: Flowchart of EigenfaceDetection and Recognition Syste
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In order to determine the Eigenfaces, initiallyad&t of face images need to be built. The collestedjes are
then considered as the database of known facesf &le collected images in the database shoulof bise same type and

size. In this work, the images are converted ty gcale ranging from 0 to 255.
Each image then is converted to vediorwith size of N;
Where N is the imagewidth * imagehigh

The dataset should include multiple face imageg&mh person. In this paper, we are using 10 faegés for 40
persons. The used images are from [15].This imaafasdt will assist in enhancing the accuracy otatetg and
recognizing the faces. The dataset will incredse dvailable information from the samples that banused with
Eigenface. This dataset maybe called “Facespadti,dimension N. Figure 2 shows a sample of facespehich contain

two faceimages for two persons.

After building the dataset, the average fageshould be calculated from the facespace usingteu(1)

M
1
n=3 ).
n=1

1)
Figure 2: Sample of Facespace
Where M is the number of faces in the facespace.
The second step is to calculate the differenceacfidace from the averag® using equation (2).
9=T,—n
’ (2)

Then covariance matrix (C) is required to be deteenohfor the dataset by using the following equatio

u y var(py) ... cov(py,pN)
L er_ L Z AAT
C= = : - : = £
M Z; R : : :

cov(py,p;) ---  var(py) /,

Wherep;= pixel i of n.

The Eigenface of consideration is that of C wherie 6f N dimension. Solving for Eigenface will bepossible.

In order to solve this dilemma, the Principal Comgat Analysis (PCA) method is applied.

Applying PCA can reduce the Eigenface vector framethsion N to M. It helps knowing that if we havelyoM
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images, then only M non-trivial Eigen vectors wile available which can be solved by having M X Mtn®aof

eigenvectors as shown in equation 3:

L= ATA
@)
Whered = [9,9, ...9y]. we then have,
‘qr‘qv[ = I"Liyi
4)
AATA, = Ay,
(5)

Wherev;is the eigenvector of L. Then the resdit; will be an eigenvector of C.

Finally the M eigenvector of L can be used from igle@vectors;of C. This will result in forming the Eigenface

basis.
M
= Z Uy O
k=1
(6)
Which shows that only/,, Eigenfaces are required to output the completesfaaee basis, where k is the number
of persons.

Finally the image will be rebuilt using only fewdginfaces /') which correspond to the vectors with the highest

eigenvectors and the most variance face spacera-igshows the complete flowchart of the method.
IV. THE NEURO-FUZZY PROCESS

Figure 3 shows the use of neuro-fuzzy process thawnic After getting the output from Eigenface, nallvthe
data are available for LVQ neural network to triia clusters. However, LVQ is able to classifyta# input images for
the 40 persons. In order to enhance this procasdcaget accurate results, fuzzy logic is usednfiatching the classes.
The k-mean algorithm is used for generating theyuzles. In this work, we have 40 clusters, whach the same as the
number of the persons. Moreover, Gaussian memipevesis used for the fuzzy membership due to the Igiitypof its
derivative expression. The model that was usedhim work was based on Jang's [1] neuro-fuzzy diassiThe rule

weights are determined based on the number ofatmples that we used for each person, which are 10.

Impact Factor (JCC): 4.6723 NAAS Rating.89
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input from Eigenface

v

Clustering with LW

¥

Output to Fuzzy

¥

Accurate Clusters

¥

Matching

Figure 3: The Neuro-Fuzzy Process Flow Chart

Using this process, enhanced and more accuratitsresre obtained with shorter time relative toestimethods

as shown in table 1.
V. SIMULATION

For the proposed system the training phase isigplitwo phases. However, before training thdesys the data
images that are used to train the system are pregsed to be of the same size and type. Figunewssthe code used to

perform the preprocessing step on the images b#fereare entered to the system.

w=NFuzzy();

currentfolder = pud,

[F,currentFolder,pgm] = uigetfile({'*.*", All Files(*.*)'},

"Select your File ');

loadimage = strcat(currentFolder,F);

input = importdata(loadimage);
ri=round(408%rand(1,1));

r=u(:,ri);

v=i(:,[1:ri-1 ri+l:end]);

%[q,9q]=size(v);

%r=r(1:q,1:qq);

1=20;

keigen=w;

% remove the mean from the input images( v)

0=uint8(ones(1,size(v,2)));

m=uint8(mean(v,2));
vzm=v-uint8(single(m)*single(0));

Figure 4: Image Preprocessing Code

The next step for the Eigenface approach is peifayrtraining using the preprocessed images. Thioige by

first compute the average of each image then cangtite mean for the 10 images for each persoreréHtiter, the face

www.iaset.us anli@iaset.us



6 Salam Hamdan & Adnan Shaout

detection is done by comparing the average ofriiegées with the mean of the images. Afterwardsctieulated means
are entered into a Neuro-Fuzzy system to perfoerctassification. Figure 5shows the code for therd-uzzy and the

Eigenface system.

w=lFuzzy();

currentFolder = pwd;

[F,currentFolder,pgm] = uigetfile({'*.*','All Files(*.*)'}, 'Select your File ');

loadimage = strcat(currentFolder,F);

input = importdata(loadimage);

ri=round(488*rand(1,1));

r=w(:,ri);

v=u(:,[1l:ri-1 ri+liend]);

N=20;

O=uint8(ones(1,size(v,2)));

m=uint8(mean(v,2));

vzm=v-uint8(single(m)*single(0));

L=single(vzm) *single(vzm);

[V,D]=eig(L);

V=single(vzm)*V;

% Choose the eignevectors related to the top 18 eigenvalues.

V=V(:,end:-1rend-(N-1));

cv=zeros(size(v,2),N);

for i=l:size(v,2);
cv(i,:)=single(vam(:,1))"*V;

end

subplot(121);

imshow(reshape(r,112,92));title( Selected Image','Fontsize',12, color’, Blue’);

subplot(122);

p=r-m;

s=single(p)'*V;

=[];

for i=1:size(v,2)
z=[z,norm(cv(i,:)-5,2)];
if(rem(1,28)==0),imshow(reshape(v(:,1),112,92)),end;
drawnow;

end

[a,1]=nin(z);

subplot(122);

imshow(reshape(v(:,1),112,92));title( 'Result’, 'Fontsize',12, 'color’, 'blue’);

Figure 5: Eigenface Code and Neuro-Fuzzy Code
VI. PRFORMANCE EVALUATION

In this paper an algorithm to recognize faces appsed. First of all, skin is recognized by usimgEagenface
approach. After the skin is detected, a Neuro-Fugaysed to recognize faces. 400 images were useldtabase from
[15]. 40 persons were there and every person hasffe@ent images. From the 400 images an imaggcised randomly
and then the proposed algorithm was applied. Tatdbhows the results of the performance evaluafitwe. results show
that when the proposed system is applied the padince accuracy was 96.45% when the tested imagespwee with no
additional noise added to them. However, the pregp@dgorithms were tested by adding noise to tlagam such as rotate
the tested image and add salt and pepper noisesh@sn in table 1 each person has 10 images aidieage is tested
and the average of the 10 images is shown in the.t@he total accuracy when the salt and peppiseneas added is 94.6
and when rotating the image the total accuracy9%.9Comparing our results to [3] the results warigegsatisfying which

it was 96% without any addition of noise to themaiges.

Some successful and unsuccessful search resukbane in Figures 6 and 7, respectively.

Impact Factor (JCC): 4.6723 NAAS Rating.89
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Figure 6: Some Successful Facial Recognition

Looking for ... Found !

Figure 7: Unsuccessful Result

VII. CONCLUSIONS

An algorithm for human face detection based on ffae for skin detection and Neuro-Fuzzy for face
recognition was proposed in this paper and theatvperformance of the system was 95% which wag@able when
compared with [3] on different images. Neuro-fuzmgthod was used to increase the efficiency of faoegnition
approach. By the combination of Neuro-Fuzzy anceEigce the accuracy of this system was improved.algorithm did

www.iaset.us agli@iaset.us
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not work efficiently when the images were undet aald pepper noise and rotation. In the futurepqudieuro-Fuzzy for

skin detection and Eigenface for face recogniti@y mive more accurate results.
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APPENDICES

Table 1: Performance Evaluation
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