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ABSTRACT

Face occlusion is a very challenging problem irefaecog-
nition. The performance of face recognition system de-
crease drastically due to the presence of partclwsion on
the face. One approach to overcome this problein st

pre-classify faces into two classes: the clean facd the
occluded face; then faces in different classestaated by
different recognition systems. In this case anréigm which

is able to automatically detect the presence ofusogns on
the face will be a useful tool to increase the genfances of
the system. In this paper we present a scarf deteelgo-

rithm. In the experimental results the performanocéshe

algorithm are reported and compared with state hef airt

systems.

1. INTRODUCTION

Over the past decades, face recognition has beagoopu-
lar research topic in computer vision and one ef tost
successful applications of image analysis and wtaleding.
Many researchers work actively and many face redogn
methods have been proposed in the scientific titezg1].
State of the art face recognition systems perfoith high
accuracy under restricted environments, but pedocas
drastically decrease in practical conditions sushviaeo
surveillance of crowded environments or large canest-
works. The main problems are due to changes imlfac-
pressions, illumination conditions, face pose ‘ames and
presence of occlusions on the selected face. Fagusi the
last point, faces recorded through a video suemié sys-
tem, can be partially occluded by accessories ascécarf,
hat or sunglasses that make the recognition adifftask.
In this context, developing a face recognition eystrobust
to partial occlusion means to be able to recogpemple in
spite of the presence of partial occlusions orfdhe.

There are two possible approaches to address thialpa
occlusion problem for face recognition. The fissto build a
face recognition system which acquires good re$oitboth
the normal face and the partially occluded faceother
approach is to first pre-classify the face image® itwo
classes with respect to face occlusion, and thetomized
classifiers are used for the face recognition ie tiwvo
classes. The first approach is straightforward; éx@y, such
a system demands delicate tuning parameters, ttlsufférs
from the high complexity. On the other hand, |desture-
based approaches can be integrated into the semond
proach, where only the non-occluded features agel @i
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recognition. In this respect, we invest in ocausiletection
methods to pre-classify the face images, in ordémprove
the performance of a potential face recognitioriesys

To the best of our knowledge, there are two maidkiof
occlusion detection: the facial feature based nutHa][3]

and the learning based methods [4][5]. The facaltre
based methods exploit the information of facialtdess
(such as mouth [2] or skin colour [3]) to decideetiter or
not a face is occluded. Whereas the learning bamgHods
use a large number of positive (clean faces) arghthe

(occluded faces) samples to train a classifierctvisan pre-
dict the label of an unknown face. In [4], a leaghbased

method was proposed by combining principal compbnen

analysis (PCA) and support vector machine (SVM)[5In
the authors obtain the gradient map of the imageré&CA
and SVM in order to reduce the effects due to ilhation
variations.

The reported methods mainly tackle two differentloc
sions: the upper part occlusion due to sunglasedsttze
lower part occlusion due to scarf. To detect anlusion
caused by sunglasses is possibly less difficultesimost
sunglasses possess a similar appearance whiclgnisi-si
cantly different from a clean face's appearancerthen-
more, the large variation of scarf appearance weisipect to
structure and colour makes scarf detection a miffieudt
problem. Facial feature based methods [2][3] ateroloust
to such variations. In this paper we focus on ttefdetec-
tion problem.

Other than improving the performance of face reitomnm
systems, scarf detection is useful in many videwesllance
applications. An example could be to reinfostadium se-
curity. It is known, in fact, that football hooliga tend to
wear scarves or masks to prevent their faces beicog-
nized before committing crimes in the stadium (Begire
1). Hence, a scarf detection system integrated indeo
surveillance system at the stadium could be usefpievent
such risks.

Figure 1 — Football hooligan wearing a scarf itaaisim (taken
from internet).



Unlike regular biometric systems, surveillance eyst can-
not provide high quality images of the region denest (e.g.
face) in most cases. Therefore, the scarf detectfmuld
maintain a good performance for low quality imafggh as
noised images). In this paper we present a noeehileg
based method for scarf detection. Instead of ugnaglient
map in [5], we obtain the features using Gabor \edvae-
fore PCA and training the SVM. Experiments showt tha
method gives competitive accuracy in both high igpaind
low quality images.

2. PROPOSED METHOD

The proposed method is comprised of three pargturfes
extraction, dimension reduction and classificatidfirst,
features extraction is achieved by using Gabor leave
Then, the principal component analysis is appliedthe
features representation to reduce its dimensiothdrend, a
trained support vector machine is used to discimeirthe
clean and the scarf faces.

2.1 Gabor wavelet based feature extraction.

Gabor wavelets are widely used in image analyses tdu
their biological relevance and computational prtper[6]

[7]. In our method, we use Gabor wavelets to extrar

features, since they can exhibit the charactesistideatures
in terms of spatial locality and orientation seilatt in the

space and frequency domain.

2.1.1 Gabor wavelets

The first step is to build the Gabor wavelets. Gakavelet
consists of a complex sinusoidal carrier and a Sanenve-
lope. In our work, the definition of Gabor kern&dsas given
in [8]:

2
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where p ang are the orientation and scale of the Gabor ker:
nels.z = (P, Q) is the size of the kernel window. ||¢|| denotes
the norm operatok, , is a wave vector defined as following:

kyy = kye'n
where
ky = Kmax/f"
@, = /8

kmar is the maximum frequency, aids the spacing factor
between kernels in the frequency domain.
In our method we set z = (20, 2@)= 2, k.= ©/2 and

f =+/2 . To extract the features inffiirent scales and orien-

tations the Gabor kernels are generated in fivesgak [0,
..., 4], and eight orientations g [0, ..., 7]. Therefore there
are 40 Gabor kernels (let us indicate them Wit}, where i

€ [0, ..., 39])generated for the later processing. Figure 2

shows the real part of the Gabor kernels and theggond-

ing magnitudes in 5 scales. In the figure, therdbk prop-

erties of spatial frequency, spatial locality anikmtation

selectivity is clearly shown.

2.1.2 Features Extraction

The 40 generated Gabor kernels are convoluted thith
original image. Because the generated Gabor kemrels

described in complex values which contain a reat pa

GWFeal and an imaginary pa@W,™*, the two parts are
convoluted with the target image separately. Tleegss of
two-dimensional convolutions with the real part athe
imaginary part of Gabor kernels is described dsvid:
pP-10Q-1
credl(x, y) = z Z W (o, DIx —p,y — )
p=0 q=0
pP-10Q-1
I I
C; " (x,y) = Z Z GW," (0, PIx —p,y — q)
p=0g=0
Then the two filtered imagedi®®' andC;™® are combined
using a linear method:

Ci(x,y) = J CReal(x, y)2 + %8 (x, y)?

C; is the filtered image which corresponds to the @ab
wavelet in a specific scale and orientation. Figirshows
an example image (the lower part of a clean facd)the 40
filtered images using the above mechanism. Infidnee,
the filtered images exhibit the properties of thigioal im-
age in different scales and orientations corresipgntd the
Gabor wavelets shown in Figure 2.

1
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Figure 2 — Real part of the 40 Gabor wavelets hed tagnitudes
in five scales.

Figure 3 — An example image and the 40 filterecgeseby using
Gabor Wavelet.
In five different scales and eight different oreiiins the
filtered images can be described as the followetg s
Q={C,i €]0,..,39]}
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All 40 filtered images are used as the featureslassifica-
tion. An augmented feature vector is constructedcdy-
catenating all the filtered images (n(row by row or col-

Figure 4 shows the distribution of features in ¢igenspace
(projected onto first 3 eigenvectors). In the feguthe eigen-
space is constructed by 150 clean faces (bluessjreind 150

umn by column). Because the augmented feature vecto scarf faces (red crosses). This observation dematestthat

too large to perform the PCA, it is downsampledatfiactor
A, to finally obtain the feature vectdrof each image.

The selection of. is empirical. In our experimeri,is set to
5 according to the size of the normalized imagés. fEature

the features from the two classes are roughly aggghinto
two clusters in the eigenspace. Nevertheless e pro-
jection onto all the eigenvectors is still too emgige for the
computation in classification. Therefore we setbet firstH

vectorX contains all the desirable features from Gaborewvav eigenvectors (the most discriminative ones) agptbgection

lets and it is regarded as the discriminative mfation in the
later classification task.

2.2 Principal Component Analysis

Even if the augmented feature vector is a resolnfthe
downsampling of the filtered images, the data dsi@mis
still too high for efficient classification. In ounethod, the
principal component analysis (PCA) is applied t® fitature
vectors obtained from both positive (clean faces) aega-
tive (scarf faces) images to reduce the data diroersd to
make the new representation more distinguishable.

To perform PCA we first construct a data set whiohsists
of two types of data, in which half of the featusee ob-
tained from clean faces and another half is obthinem

scarf faces. Let us define the size of the dataosbeM; if

X¢ andX® are the feature vectors generated from clean fac

and scarf faces respectively, the data set S camitten as:
S = {XE, X5, ) Xy Koy jaans 0 Xit)
We obtain the meaki of the feature vectors in S by:

M

- 1

X = MZXm
m=1

The differenced; between the feature vectdf and the
meanX is computed by:

(Di = X,: - X
Therefore the covariance matrix can be written as:

M
1
C= MZ @, 0," = AAT

n=1
whereA = [®,, D,, ..., & ]. Then the eigenvectors and asso-

ciated eigenvalues of the covariance mafrigan be ob-
tained to describe the eigenspace.

All features extracted from the original image prejected
onto the eigenspace.

Eigen 3

Eiyen 2

-1000
Eigen 1

Figure 4 — Distribution of the two classes in tigeaspace.

basis, whereby the features are obtained for Glzetson. In
our methodH is selected in order to maximize the classifica-
tion accuracy during training.

2.3 Classification by Non-linear SVM

Support vector machine (SVM) is a very powerfull too 2-
class data classification in the high-dimensiopalce. Let's
consider a training set consisting Msamples in the form
{x;, v}, in whichx; is the feature vector of a sample and
y; € {—1,1} is the label which indicates which clagsbe-
longs to. SVM finds the maximum-margin hyperplaioe t

separate the data by:
N

fG) = sign| D @i G x) + b
j=1
Shere {x;,j € [1,N]} are the support vectors. Non-linear
SVM applies the "kernel trick" to fit the maximumangin
hyperplane in a transformed feature space. Hereseethe
Radial Basis Function (RBF) kernel. The RBF ke#l be
written as:

2
K(xi,xj) =eVli-xl" > 0
In our experiments, the tool LIBSVM [9] is usedperform
the non-linear SVM.

3. EXPERIMENTSAND RESULTS

In our experiments, the proposed method is compaitd
the two other learning methods. Because our metised
Augmented feature vector, PCA and SVM, we giveshart
name as APS. Similarly, the methods presented Jirarfd
[5] are named as PS (PCA and SVM) and GPS (Gradient
map, PCA and SVM) in the same manner.

3.1 Databases

The first database we used is the AR face data#dRED)
[10Q]. It is widely used in the experiments for fadetection
and face recognition related to the occlusion gnwbbe-
cause it contains a large number of occluded fdeigsre 5
shows four examples of face images from ARFD.

288

Figure 5 — Sample images from ARFD.

In ARFD, 300 clean faces and 300 scarf faces deetsd.
The clean faces are comprised of the faces of 98snzand
50 females with 3 different facial expressions \reit ex-
pression, smile and anger); where the scarf famesam-
prised of the faces of 50 males and 50 females sd#inves
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under 3different illuminations (left side light, right sdight

and all sides light).

In ARFD, most of the scarves are dark, #mete is lack of

the variation of structures in the scafppearanc. In real

world, the scarvegan have various colot (even lighter

than the skin colour) and variosfructures on the apyr-

ance (e.g. grids on the scarf). To test iibieustnes<of the

methods for various scarf appearances buil the second
face database — the EURECOM face dataffaRé&D).

ERFD consists of 72 face images taken from 6 lambess
in 2 sessions. In each session, there3aokean face with

different facial expressionénatural expression, smile a
talking) and 3 scarf faces with different scarf appearafare
each individualWe select the clean faces with differea-

cial expressions in order tiocrease the variation of ea
individual, so thaimages are more suitable to simulate

real conditions frm video surveillance syste. In total there
are 36 clean faces and 36 scarf fadégure 6 shows the
scarf faces extracted from ERFD exhibits the large vea-

tion of scarf appearance.

For both databases, the face region was extracted the
original images. Then the lower half of the facgioa was
segmented for scarf detection. All the extractedelopart of
faces was normalized into a fixed size of BOpixels.

3.2 Eigenvector s selection

PCA is the essential step PS, GPS and APto obtain the
final features. We select the firt eigervectois as the pro-
jection basis. The choice @f for each method iempirical.

In our experiments we seleftto maximize the classificatic

accuracy of each method during trainiag shown in th

following results.

3.3 Experimentson ARFD

We define the positive norm as scarf fgce. a clean fac
classified as a scarf face is a false acceptaneeeab a sca
face classified as a clean face is a false rej®. The results
of PS, GPS and APS on ARFD are showmahlel.

Methoc | FAR Detection Ral | #
PS 2.67%| 99.33% 38
GPS 2% 98.67% 29
APS 1.33%| 99.33% 51

Table 1 — Results of PS, GPS and APSARFL.

From the resultsn the table we can observe that tho-
posed method (APS) gives very good detection réte the
lowest false acceptance raféhe classification accuracy
the three methods on various numbers of eige-100) is
shown in Figure 7. It shows that the proposed ne{AdS)
outperforms the others when using a higher numbeai-
gens.

3.4 Experimentson ERFD

The results of PS, GP&hd APS on ERFD are shown ia-
ble 2. Notice that the ERFD is relatively smalllgoh8 clear
faces and 18 scarf faces are used for trainingyrefare the

variation of statistical results in ERFD is greathan in
ARFD.

Results of PS, GPS and APS on ARFD
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Figure 7 — Classificatioaccuracy of PS, GPS and APS on AF.

Methoc | FAR Detection Ral | #
ps 11.11%| 77.78% 7
GP¢< 5.55% | 100% 22
APS 0% 100% 7

Table 2 Results of PS, GPS and APSERFD.

From the results in the table we can see that G&B anc
APS give the perfealetection rate. But the false accepta
rate in GPS is higher than in APSgure8 shows the classi-
fication accuracy of the three methamsvarious numbers of
eigens (1-36)In the figure, both GPS and Alprovide good
performances. In contrast, thecurac of PS is significantly
lower than GPS and APSherefore, directly using the iin-
sity imagefor classification (PS) is not robust to the vaoia
of scarf appearance.
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Figure 8 — Classification accuragf/PS, GPS and APS on ER.

3.5 Experiments on Gaussian noised images from ERFD

In video surveillance systemthe image quality may not |
optimal as the images obtainfrdm laboratories. Hence tl
scarf detection is required to be robio noise. We tested our
method (APS), PS and GPS ofsaussian nois¢ version of
images from ERFDIn the experiments, we first add a (s-
sian noise to the original imag@sere the Gaussian noise
zero mean with the variance at 0.C. Then we applied the
different methods tthe images after noisinFigure 9 shows
the classification accura@f PS, GPS and APS on the (s-
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sian noised images. In the figure, APS maintairigdassi-
fication accuracy whereas the accuracy of GPSfgigntly
decreases comparing to the results in Figure 8.

ERFD, images with Gaussian Moise (mean=0, variance=0.005)
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Figure 9- Classification accuracy of PS, GPS an Al Gaussian
noised (mean=0, variance=0.005) images from ERFD.

In order to prove that our method is more robushtRS and
GPS with different strengths of noise, we varystiength of

Gaussian noise in the experiment. The mean of @auss

noise is set to be zero and the variance of Gaussise is
varying from 0.005 to 0.05 by step of 0.005. Figil@eshows
the effect of Gaussian noise with different stréagt

The original image

Gaussian noise (mean=0, variance=0.005)

Figure 10 — Examples of Gaussian noised imagewsitious
strengths.

Figure 11 shows the result of this experiment. Hieeenum-
ber of eigens used in each method is fixdd=20). In the
figure the APS maintains good classification accyifar all
levels of strengths. In contrast, the PS and GPBrpgances
dramatically decrease when the noise strengthasese

4. CONCLUSIONS

In this paper we have presented a new learninglbas¢éhod
for efficient scarf detection. The proposed met(aBS) is

compared with state of art methods (PS and GP®ughr
various experiments. Both APS and GPS are effigehi-

tions in restricted environments (e.g. biometristegns). But

only APS qualifies the desirable performance in amc
strained environments (e.g. video surveillanceesysj.

The next step is to study how to combine our methid

face recognition in order to properly address #teefocclu-
sion problem. Another research direction coulddextend
the current method from still images to video, ihiah the
human behaviour of putting on/off a scarf shoulsoabe
analyzed.
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Figure 11-Classification accuracy of PS, GPS anfl & Gaussian
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