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A b s tra c t

This paper presents a com parison of partial occlusion using face recognition techniques that 
gives In which technique produce better result (or total success rata. The partial occlusion of (ace 
recognition is especiaily useful (or people where part of their face Is scarred and de fect thus.need 
to be covered. Hence, either top part/eye region or bottom part of face will be recognized 
respectively. The partial face Information are tested with Principle Com ponent Analysis (PCA), 
Non-negative matrix factorization (NfvlF), Local NMF (LNMF) and Spatia lly Confined NMF 
(SFNMF). The com parative results show that the recognition rate of 95.17%  with r =  80 by using 
SFNMF (or bottom face region. On the other hand, eye region achieves 95.12%  w ith r =  10 by 
using LNMF.

K e yw o rd s : Partial Face Occlusion, Non-Negative Matrix Factorization (NMF). Local NMF, 
Spatia lly Confined NMF.

1. IN T R O D U C T IO N
Face recognition deals w ith verifying or Identifying a (ace from its Image. It has received 
substantial attention and its perform ance has advanced significantly over the last three decades 
due to its value both In understanding how the face recognition process works In hum ans as well 
as in addressing many applications, including access control and video surveillance. For 
example, individuals who wear sunglasses, masks and veils are restricted to provide the ir full 
(ace due to occupation, contagious disease, privacy and religion practices [1]. Therefore, an 
autom ated partial face recognition system based on users’ preference could be one of the 
potential solutions to solve the con flic t arouse in (2, 3, 4] previously. For the past few  years, 
researchers [5, 6, 7, 8] had studied on the possib ility of using partial (ace as an alternative for 
recognition. [6. 7] had applied Radial Basis Function network in symm etric, that exam ined equal 
ratio of left side faces and right side faces. Their works had received encouraging results that 
even achieved the equivalent results o f fult face. However, the partttlon of face Into left and right 
side is not practical for direct access control. Meanwhile,'* [9] had Introduced m asks on users, 
where different part of (aces are covered and the partial face Is evaluated using Lophosooplo 
Principle Component Analysis. Their algorithm was blem ished because it is m ore com putational 
expensive than Principle Com ponent Analysis (PCA). In this paper, a partia l (ace recognition 
system framework Is com pared In well-contro lled environm ents when the full Inform ation of face 
Is absent. We exam ined two scenarios. They are Individuals who wear sunglasses and 
Individuals who w ear m asks or veils during authentication. This means only bottom  part of the 
face and top part of the face especially eye region will be taken Into account during recognition.
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;jOn tha other hand, the term 'controlled environm ent' refers to normal (ace recognition 
environment that capture full or partial 2 0  front face with lim ited users' support w ithou t Intrude 
^'sers' privacy.Linear subspace projection has been used extensively for feature extraction In face 
Ifpagas. They Include PCA [10). Linear D iscrim inant Analysis (LDA) [11] and neural network 
approaches [12], These methods map the high d im ensionality Images Into a lower-dim enslonal 
ipanlfold and treat the Images as a whole. [15] Proposed Non-Negative M atrix Factorization 
i(NMF) for learning of face features. W e made used of NMF and Its variants le. Local NMF [16] 
f r id  Spatially Confined NMF (SFNMF) [17] to reduce the dim ensionality of the raw  Image and at 
|he same time to preserve as many salient features as possible. In addition, w e com pare our 
rjs^ulfs with PCA as our baseline. Tha outline of the paper Is organized as follow: Section 
Ipresents the overview of feature extraction literature. Section 3 Is denotes the experimental 
ifesults and conclusion Is discussed In Section 4.

2. F E A T U R E  E X T R A C T IO N  L IT E R A T U R E  '
.12,1 Principal Component Analysis (PCA)
Turk and Pentland [10] used Principal Com ponent Analysis or known as Eigen Face to represent, 
detect and recognize faces. Images of faces, being sim ilar In overall configuration, will not be 
■randomly distributed In this huge Image space and thus can be described by a relatively low 
dimensional subspace. The main Idea of PCA Is to find the vectors that best account for the 
distribution of (ace Images w ithin the entire Image space. These vectors define the subspace of 

'face Images, which we call “face space". Each vector is of length N2, describes an N x N Image, 
land Is a linear combination of the original face Images. Because these vectors are the 
eigenvectors of the covariance matrix corresponding to the original face images, and because 
they are face-like In appearance, they are named as “ Eigen Faces".

Q
Person
wearing
M a s k s

FIGURE 1: Comparison Framework.

FIGURE 2: Examples of AR database.

2.2 N on-N egative M a trix  F a c to riza tio n  (NM F)
NMF finds an approximate factorization, where X ls  the raw face data Into non-negative (actors W 
and H. The nonnegative constraints make the representation purely additive (allowing no 
subtractions). In contrast to many other linear representations such as PCA. This ensures that the 
components are combined to form a whole in the non subtractive way. Given an initial database 
expressed by a,n x m matrix X, where each column is an rFdimenslonal non-negative vector of 
the original database (m vectors), it is possible to find two new matrices (W  and H) in order to 

{approximate the original matrix:



-V -- A' = rr-7f. where JV  e . H  e  9?' ’̂ ( 1)

W e can rewrite the factorization in terms of the columns of X a n d  H a s :

^y ~r. X- =  J [ 7/■ where x< e 9v". //j e 9\' for /  =  l .....n (2)
The dim ensions of the factorized matrices W  and H  are n x r  and r  x m, respectively. Assuming 
consistent precision, a reduction of storage is obtained whenever r, the num ber of basis vectors, 
satisfies (n  + m) r  < nm. Each column of matrix IV contains basis vectors while each colum n of H 
conta ins the w eights needed to approximate the corresponding colum n In X  using the basis from 
IV. In order to estim ate the factorization matrices, an objective function has to be defined. We 
have used the co lum n of X  and Its approximation of X =IVH  subject to this objective function

e.v.'./.‘-(rT- . h ) =  ' T  ||.vj -  rr/(;| ‘  =  ||a  -  j v h  ||‘
.'-1

This objective function can be related to the likelihood of generating the images in X fro m  the 
basis kVand encoding H. An iterative approach to reach a local m inim um  of this objective function 
is given by the fo llow ing rules [18]:

rr
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H a f , z JV
A', ( 6)

{ Tl M  )  i f t
In itia liza tion is perform ed using positive random initial conditions for m atrices W  and H. 
C onvergence of the process Is also ensured.

C. L o c a l N M F  (LN M F)
LNMF [16] a lm s to  improve the locality of the learned features by im posing additional constraints. 
It incorporates the follow ing three additional constraints into the orig inal NMF formulation.
(i) LNMF attem pts to m inim ize the num ber of basis com ponents required to represent X. 

This im plies that a basis com ponent should not be further decom posed into more 
com ponents.

(ii) LNMF attem pts to maxim ize the total “activ ity” on each com ponent. The idea is to retain 
the basis with the most important Information.

(iii) LNMF attem pts to produce different basis as orthogonal as possib le, in order to minim ize 
the redundancy between different basis.

LNMF incorporates the above constraints into the original NM F form ulation and defines the 
fo llow ing constra ined divergence as the objective function:

HI n T7
( IT ’: H ) = 1 0 2 ^ ^ — ~ / j y D i (7)

w here a ,p, > 0 are conslanis and C = W 'W  and D = The structure of the LNMF update for kV
is nearly identica l to that in Equation 4, 5; differing only in the coeffic ient m atrix H. The update foi 
H n o w  uses an e lem ent-by-e lem ent square root to satisfy the three additional constraints:
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D. S p a tia lly  C o n fin e d  N M F (SFNMF)
SFNMF method is Implemented through a series of simple image processing operations to its 
corresponding NMF basis image. Firstly, a number of r  original NMF basis are selected. Each 
basis is processed off-line to detect the spatially confined regions. The m axim um  values of the 
basis image are Identified by adjust the threshold of a histogram of pixel va lues and followed by 
the morphological dilation operation to find a blob region. As a result, SFNM F basis images 
where only pixels In the detected regions have grey values copied from the corresponding pixels 
In the original NMF Image are created. The remaining pixels are set to zero. SFNM F basis image 
only represents spatially confined regions. This is intuitive w ith the Idea of recognition by 
components where spatially confined regions correspond to the im portant facial features regions 
such as eyes, eyebrows, nose and lips.

E. Face R e c o g n itio n  In  S ubspace
As in most algorithm s that employ subspace projection, NMF, LNMF, and SFNMF basis are 
learned from a set of training Images. Let □ denote the projection vector, the colum ns of W  are 
NMF, LNMF or SFNMF basis images. During recognition, given an input face Image, Xfest, It is 
projected to □  X „ „  and classified by com parison with the vectors 's D r that were 
computed from  a set of training images by using the L2 norm distance metric.

3 . E X P E R IM E N T A L  R E S U L T S
For experim ent setup, a prototype was developed in MATLAB 7.0, and insta lled on a 1.60GHz 
Intel machine with 1Gb of RAM. The experim ents are conducted by using Faces-94 Essex 
University Face Database [19], which consists of 153 subjects w ith 20 im ages per person. Face 
images are o f size 180x200 In portrait form at and after normalization. It becom es 30x61 for eye 
region Images and 61x73 for bottom face region images. The first 53 sub jects w ith 10 images are 
used for bases tra ining with a total of 530 images. Another 100 subjects w ith 20 images are used 
for testing in the probe set with a total of 2000 images, in our experim ents. False Reject Rate 
(FRR) and False Accept Rate (FAR) tests are performed. A unique measure. Total Success Rate 
(TSR) is obtained as FA + FR TSR= 1 - x100%  Total num ber accesses

T S R = 1 -
F A  -- F R

T o t a l  n u m b e r  a c c e s s e
xlOOt-b . ( 9 )

where FA = num ber of accepted imposter c la im s and FR -n u m b e r o f re jected genuine claims. 
For the FAR test, the first image of each subject in the testing set is m atched against the first 
impression of all other faces and the sam e matching process was repeated for subsequent 
Images, leading to 99,000 (4950 x 20) Imposter attem pts. For the FRR lest, each image of each 
subject is matched against all other Images of the same subject, leading to 19000 (190 attempts 
o f each sub ject x 100) genuine attempts. An experim ent is conducted by using a set of r, 2, 4, 6, 
'8, 10, 20, 40, 60, 80 and 100 to evaluate on the whole face, eye region and bottom face region. 
PCA with principal com ponent of 100 is used as a baseline for com parison. Table 1 shows the 
results of face recognition for the user’s whole face, com pared w ith h im /her w earing sunglasses, 
and subsequently a vell/mask. Thus, we are com paring whole lace  with eye region and bottom 
face region by adopting PCA, NMF and its variants ie. LNMF ,and SFN M F.PCA acts as a 

, baseline in our study. By using this method, whole face recognition is able to  achieve a high TSR 
of 96.17%. Eye region achieves TSR of 94.09%  while bottom face region only 93.47% .Our 
previous study shows that NMF Is slightly Inferior than PCA [1, 17, 20, 21]. However, the variants 
'pf NMF are robust to perform ance and the processing tim e is greatly reduced. LNMF for whole 
face and eye region are able to achieve the highest TSR of 97.01%  w ith r  -  60 and 95.12%  with r 
» 10 respectively. The bases learned are localized by Imposing three additional constraints upon



the original NMF basis [16]. On the other hand, bottom face region achieved the optim um  TSR of 
95.17% by using SFNMF with r  « 80. The bases are processed through a series o f-im age 
processing methods to abolish all noises in an Image. Therefore, the basis learnt are said to be 
more spatially salient and local. Hence, SFNMF dem onstrates Improvements over NM F and 
LN M F[21].

Portion Clean
Face

Eye
Region

Bottom
Face

Region
PCA PC 100 100 100

FAR 3.82 5.87 6.54
FRR 3.87 6.13 6.49
TSR 96.17 94.09 93.47

NMF r 40 8 20
FAR 5.57 6.73 7.84
FRR 5.56 6.98 7-87
TSR 94.43 93.23 92.16

LNMF r 60 10 20
FAR 2.99 4.81 5.50
FRR 2.98 S.24 5.69
TSR 97.01 95.12 94.47

SFNM F r 40 20 80
FAR 3.30 5.49 4.74
FRR 3.29 5.69 5.33
TSR 96.7 94.4 1 95.17

TABLE 1: Comparison of Partial Occlusion Face Recognition Results Using PCA, NMF, LNMF and SFNMF.

■ FAR

■ FRR

I FAR 

I FRR

FIGURES: Graph Shows Comparison Results of PCA, NMF.
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LNMF SFNMF

FIGURE 4: Graph Shows Comparison Results of LNMF.SF NMF.

B o tto m  R eg ion T o ta l S uccess  Rate
PGA 93.47
NMF 92.16

LNMF 94.47
SFNMF 95.17

TABLE 2: TSR Value of Bottom Region for PCA.NMF.LNMF and SFNMF.

Total Success Rate

PCA LN M f SFNM F

FIGURE 5: Graph Shows Total Success Rate o( PGA, NMF,LNMF,SFNMF.

We observe that eye region and bottom face region are able to produce com petitive outcomes 
whereby they on ly d ifference by 0.05%. However, the num ber of r  in constructing eye region is 
only 10 while bottom face region acquires 80. This Is due to the Image resolution of eye region 
having smaller size with regard to bottom face region. On top of that, when the bases are locally 
salient, they require larger r to  gain suffic ient Information to describe a particular face. The graph 
lies to the axis, the more powerful the recognition system Is that SFNMF outperform s NMF and 
LNMF.



4 . C O N C L U S IO N
This paper shows a com parison results for only partial face Information ie. Eye region and bottom 
face region lo r recognition. Partial face Information Is crucial In many situations to  com pensate • 
the absence of full face im ages. For instance, airports and access control po in ts w here som e 
people having facial defects use veils and others down with sickness covered the ir face  w ith a 
mask, then our cam era would capture only the eye region for authorization. On top  o f that, for 
some people w earing sunglasses, we will capture their bottom lace region fo r recognition. Our 
findings show that bottom  face region images itself are achieving a high recognition rate of 
95 .17% by using Spatia lly Confined NMF. The result is close to full face TSR of 96 .7%  of the 
same method. Therefore, partial face information possesses the unique features thus able to 
produce fairly good recognition rate. In the future, we would like to im prove our fea ture extraction 
and classification m ethods so to increase and surpass the recognition rate o f partia l lace 
corresponding to whole face.

5 . R E F E R E N C E S

t .  C .C.Teo, H.F Neo, Andrew  B.J.Teoh, “A Study on Partial Face R ecognition o f Eye R egion” . 
International Conference on Machine Vision, pp. 46-49, 28-29 D ecem ber 2007, Islam abad, 
Pakistan.

2. Ham dan, Amani, "The Issue of H ijab in France: Reflections and Analysis," M uslim  W orld 
Journal of Human Rights: vol. 4 : issue. 2 ,article 4, 2007.

3. R etrieved from h ttp ://w w w .lhesun.co.uk/so l/hom epage/new s/artic le7642t.ece, 2006.

4. Retrieved from http://w w w .vfs-uk-m y.com /biom etrics.aspx, 2005.

5. M. S aw ides , R. Abiantun, J. Heo, S. Park, C, Xie and B.V.K. V ijayakum ar, "Partia l & Holistic 
Face Recognition On FRGC-II Data Using Support Vector M achine Kernel C orrelation 
Feature Analysis," Proc. Com puter V ision and Pattern Recognition W orkshop, 2006.

6. S. Gutta, V. Philom ln and M. Trajkovic, "An Investigation Into The Use O f Partia l-Faces For 
Face R ecognition," Proc. 5lh IEEE International Conference on Autom atic Face and G esture 
Recognition, 2002.

7. S. G utta, H. W echsler, "Partial Faces For Face Recognition: Left Vs R ight Half,” 10th 
Internationa l Conference on Com puter Analysis of Images and Patterns, LNCS 2756, pp. 630 
- 6 3 7 ,  2003.

8. K.Hotta, "A Robust O bject Tracking Method Under Pose Variation and Partia l occlusion". 
lE iC E  Trans Inf. & Syst., vol. E89-D, no. 7,pp. 2 1 3 2 -2 1 4 1 ..

9. F. Tarres, A. Rama, "A Novel Method For Face Recognition U nder Partia l O cclus ion Or 
Facial Expression Variations," ELMAR 47th International Sym posium , pp. 1 6 3 — 166, 2005.

to . M, Turk, and A. Pentland, "E igenfaces for recognition," Journal of C ognitive Neuroscience, 
vol. 13, no. 1, pp. 71-86, 1991.

11. P.N. Beihum eur, J.P. Hespanha, & D.J. Kriegm an, " E igenfaces vs fishe rfaces: recognition 
using class specific linear projection," Proc. O f European Conf. on C om puter V is ion. 1996,

12. MJ Er, S W u, J Lu, H L Toh, Face recognition with radial basis function(RBF) neura l network. 
IEEE Transactions on Neural Networks, vo l.13, no.3, pp. 69 7 -7 1 0  2002.

International Journal of Image Processing (IJIP), Volume (7) : Issue (2) : 2013 138

http://www.lhesun.co.uk/sol/homepage/news/article7642t.ece
http://www.vfs-uk-my.com/biometrics.aspx


13. I. B iederman, "Recogr by-com ponents: a theory of hum an Image understanding. 
Psychological Review, vol. 94, no. 2, pp. 115-147,1987.

14. W achsm uth, E., Oram, M .W ., & Perrett, D.I., (1994). Recognition of ob jects and their 
com ponent parts: responses of single units In the tem poral cortex of the m acaque. Cereb. 
Cortex, 22(4):509 - 522,

15. D.D. Lee, and H.S Seung, “Learning the parts of objects by nonnegative m atrix factorization," 
Nature, vol. 401, pp. 788-791, 1999.

16. S.Z LI,. X .W . Hou, H.J. Zhang and Q. Cheng, "Learning spatia lly  localized, parls-based 
representation. IEEE CVPR, 2001.

17. H.F. Neo, T.B.J. Andrew and N.C.L, David, “A Novel Spatia lly Confined N on-N egative Matrix 
Factorization for Face R ecognition," lAPR Conference on M achine V ision Applications, 
Tsukuba Science City, Japan. M ay pp. 16-18, 2005.

18. D.D. Lee, and FI.S Seung, “A lgorithm s for non-negative matrix factorization," Proceedings of 
Neural Information Processing System s, vol. 13. pp. 556-562, 2001.

19. V ision Group of Essex U niversity
http://csw w w .essex.ac.uk/m v/alllaces/index.htm l, 2004.

Face Database,

20. Han Foon Neo, Chuan Chin Teo, Andrew Bang Jin Teoh, “A S tudy on Optim al Face Ratio for 
Recognition Using Part-based Feature Extractor", Th ird International IEEE C onference On 
S ignal-Im age Technology & In te rne t-B ased System s (SITIS 07), pp.735-741, D ecem ber 16- 
19, ShangHal, China, 2007.

j 21. Andrew Teoh Beng Jin, Neo Han Foon, David Ngo Chek Ling. 2005, “Sorted Locally 
f Confined Non-Negative M atrix Factorization In Face," IEEE Internationa l C onference on
I C om m unications, C ircuits and System s (ICCCAS'05), Vol. 2, pp. 820-824, 2005.

[.Imternational Journal of Image Processing (IJIP), Volume .(7) : Issue (2) : 2013 139

http://cswww.essex.ac.uk/mv/alllaces/index.html

