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Abstract

Recognizing the face with partial occlusion is an important problem for many face recognition applications. Since the occluded
parts have no contribution to recognize the face, these parts should be excluded when performing the classification. In this
paper, we propose a new method to detect and to use the non-occluded parts of face image for modular face recognition
approaches. The occlusion of a partition is decided using the combination of three coefficients which can be easily derived: (i)
image entropy, (ii) image correlation, (iii) root-mean-square error. The performance of the proposed partition selection method
is tested using the modular extensions of three subspace-based approaches, namely linear regression classification (LRC),
common vector approach (CVA), and discriminative common vector approach (DCVA). Modular DCVA is also proposed for
the first time in this paper. After the selection of the non-occluded partitions of the face image, LRC, CVA, and DCVA are
applied to each of the partitions independently. Then the classifier supports acquired from each of the partitions are combined
using three well-known (product, sum, and Borda count) methods to get the final decision. The experiments implemented on
the AR and the Extended Yale B face databases show that selection of the face partitions using the proposed strategy improves

the recognition accuracy and outperforms state-of-the-art methods.

Keywords Decision fusion - Modular face recognition - Partial occlusion - Subspace methods

1 Introduction

Face recognition is an active and popular visual pattern
recognition problem in machine learning. A lot of methods
proposed in automatic face recognition area[9,31]. These
methods generally work well under controlled conditions,
but their performances decrease in real-world problems, i.e.
uncontrolled environments. There are several factors such as
lighting, partial occlusion, exposure and expression differ-
ences which affect negatively to a face recognition system’s
performance. Lighting, exposure, and expression factors are
extensively investigated in the literature [2,4,8,21,25,28].
Face occlusion with other objects is quite common in uncon-
trolled real-world problems. There are also several works
on the occluded faces to improve the performance of facial
recognition system [3,22,26,35,36].
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Linear regression classification (LRC) which is a subspace-
based classification method uses linear regression idea and
is successfully applied to face recognition problem in [22].
Several studies are done to improve the classification perfor-
mance of LRC [17,23]. Authors also define an extension of
LRC which is called modular LRC to overcome the scarf
occlusion problem [22]. In modular LRC, face image is
divided into different (4,6, and 8) nonoverlapping rectangular
subregions. Then LRC is applied to each of the regions sep-
arately. Using distance-based evidence fusion method, the
scores of each region are combined to get the final result
for decision. Common vector approach (CVA) is another
subspace-based classification method. The first work about
CVA in pattern recognition area was published in 1999 [6].
Similar with LRC, Koc and Barkana propose a modular
extension of CVA to overcome the occlusion problem [12].
The effect of different classifier combination methods on
classification performance of modular CVA is investigated
in [14]. Also in [15], author used Local Binary Patterns
(LBP) as facial features to analyze the effect of several classi-
fier combination methods on the classification performance
of modular CVA. Discriminative common vector approach
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Fig. 1 The overview of the classification procedure. The partitions of
the face image are selected using adaptive partition selector which gen-
erates one and zero for selected and unselected partitions respectively.

(DCVA) was proposed by Cevikalp et al. in 2005 [1]. The
method uses common vectors of subject classes to find a
discriminative single subspace. The modular extension of
DCVA has never been proposed before. In this work, we also
define modular DCVA for the first time and use in the experi-
ments. The modular extensions of these three subspace-based
classification methods use distance-based evidence fusion
method to combine the scores evaluated at the modules.

In the literature, several methods were proposed which
divide face image into subregions and apply the method to
each of the subregions. These methods reach the final result
by combining the scores of the subregions after weighting the
scores [21,24,29,32,34,37]. Wrigth et.al use /; minimization
to recognize human faces with varying expression and illu-
mination from frontal viewpoints as well as occlusion [35].
The method known as sparse representation-based classifi-
cation (SRC) uses the entire set of training samples as the
dictionary for sparse discriminative code. In the method,
nonzero sparse coefficients are assumed to lie heavily on
the training samples, with the test probe having the same
class label. Mi et.al propose a new matrix regression-based
method (MRC-block) which uses matrix form of the images
instead of vectors to get more discriminatory data than other
regression-based approaches [20]. Authors experimentally
show that the classification performance of MRC-block is
better than many state-of-the-art methods in occluded face
recognition problem. Yan et.al propose a method (MSR-
MSF-VQ) based on multiple image subregions. The method
captures the structure of the spatial information to overcome
the vector quantization (VQ) limitations by using the Markov
stationary features (MRF) [37]. In [24], authors combine the
scores of each partition (included occluded ones) using some
weights which are evaluated using entropy of partition.
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At each partition, classifier generates supports for each class. Finally,
the supports of a class are combined using product, sum, or majority
vote rule

In this work, we firstly find the occluded/nonoccluded par-
titions using our proposed occlusion detection method. We
use three coefficients to detect the occluded partitions: (i)
entropy, (ii) correlation, and (iii) root-mean-square error of
the partition. Then, we combine the scores (also called dis-
tance or support) given by classifier for a class at each of the
non occluded regions using sum, product, and majority vote
rules to get the final result. Fig. 1 illustrates the classifica-
tion procedure of the proposed partition selection method.
We can summarize the contributions of this work as follows:

— A novel partition selection method is proposed. In the
method, partitions are selected according to three coef-
ficients which can be easily obtained from image. Thus,
the partitions which may negatively affect the classifier
performance are eliminated.

— The modular extension of well-known subspace-based
classifier DCVA is proposed.

The rest of this paper is organized as follows. In Sect. 2 we
briefly give the subspace methods used in this work. Sect. 3
introduces the generalization of the modular approaches, in
Sect. 4 we explain our proposed partition selection approach.
Decision fusion methods are given in Sect. 5 and the experi-
mental work is given in Sect. 6 and also we discuss the results
in the same section. Finally, the conclusion is given in Sect. 7.

2 Subspace methods

In this section LRC, CVA, and DCVA methods are briefly
explained. In the following methods, N is the number of
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feature vectors in each class, C is the number of classes, and
xf? € R"*1 is the kth feature vector of the ith class.

2.1 Linear regression classification

In this method, each class is represented by an n x N dimen-
sional transformation matrix named predictor or regressor.
The predictor of the ith class is given as follow:

W, =[x} x? .. x]M]. (1

Assume that y be an unknown vector to be assigned to the
oneof thei = 1,2, ..., C classes. In the LRC approach, if
y is amember of the ith class, it is assumed that y lies on the
subspace spanned by the training feature vectors of the ith
class, thus it can be represented as a linear combination of
that vectors, i.e.,

y=Wgi, i=1...,N, @)

where §; is the N x 1 dimensional coefficient vector. After the
least squares minimization, the coefficient vector estimation
becomes

= (W'W) "Wy, i =1,....N. 3)

We can find predictions of y for each class using the estimated
coefficient vectors in Eq.2 as follows:

$i=Wipi =W, (W'W)~'Wl'y, i=1,..,N. )

As it is seen from Eq. 4 that, y; is found by projecting y onto
the range space of W;, i.e., subspace spanned by the training
vectors of the ith class. The best estimate of test probe y is
expected to be the closest toy . Then y is classified according
to the following decision criterion.

C*:argmin{||y—jfi||},i:l,...,C. 5)
1

2.2 Common vector approach

The assumption in CVA is that each class can be repre-
sented with a specific vector which is unique for a class
[7]. This vector represents the common characteristics of the
class members. After subtracting the common vector from
the members of a class, the variations from the common
characteristics remain. Common vector of a class can be
determined using three approaches: (i) Using Gram—Schmidt
orthogonalization procedure, (ii) Within-class covariance-
based approach, and (iii) linear regression-based approach
[13]. In the following, we summarize the second approach:

Assume that within-class covariance matrix of the ith
class is

Si = AAT (6)

where A; is a matrix of the form

Ai=[xi1—u,-x,-2—ul- .

CxN =) )
Here p; is the average vector of the it/ class. If the dimension
of the feature vectors is larger than or equal to the num-
ber of the feature vectors (n > N), there existn — N + 1
zero eigenvalues. The common vector of a class lies in the
null space of the within-class covariance matrix [7]. Thus,
common vector is a linear combination of the eigenvectors
corresponding to the zero eigenvalues of within-class scatter.
Let (g, u¥),k = 1,...,(n — N + 1) be the eigenvalue-
eigenvector pairs of the null space of within-class covariance
matrix. Then the projection matrix of the null space’s within-
class covariance matrix for the ith class is

P =U;U]. ®)

U; is generated by stacking the within-class scatter’s eigen-
vectors that correspond to the zero eigenvalues i.e.,
1.2 —N+1

U =[u uf...u" "' )

The common vector of the ith class is calculated by pro-
jecting any feature vector used in the training onto the null
space (also called indifference subspace) of the within-class
covariance matrix as follows:

—Pplye ;=

acomi =P;xj, j=1,....N (10)
As seen from Eq.10, common vector is unique for each class
[7]. The unknown query y should have the common properties

of a class where it belongs to. Then, it is classified according
to the following decision criterion:

c* =argmin {||acon; ~ P[], i=1.....c an
i

2.3 Discriminative common vector approach

Discriminative common vector approach (DCVA) is a pop-
ular subspace-based face recognition method. In DCVA, the
first step is the calculation of the common vectors. But when
calculating the common vectors, instead of using the classes’
within-class covariance matrices as in CVA, the sum of the
within-class covariance matrices is used. In this method, the
common vectors are unique for each class [1]. We can sum-
marize DCVA method as follows.
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The within-class covariance matrix of the i¢/ class is given
in Eq.6. DCVA uses the total within-class covariance matrix
(the summation of all within-class covariance matrices of
classes), i.e.,

St =S1+S+...+Sc. (12)
St can be rewritten by using the matrices A; in Eq.7 as fol-
lows:

Sy = AAT, (13)
where A is a matrix of the form
A=A Ay ... Al (14)

Let Q and Q are the projection matrices whose columns are
the eigenvectors which span the range space and the null
space of St respectively. Then the common vectors of the
classes are calculated by using either Q or Q projection matri-
ces as follows:

- QQ" J—QQ x
i=1,...,C, j=1,...,N

acom i = x
(15)

The common vectors are independent from the selection
of the training vectors, i.e., they are independent from index j
in Eq.15 [1]. The difference subspace of the common vectors
is obtained by using the scatter matrix of the common vectors
Scom as follows:

Scom = AcomAlo, (16)

where A, is a matrix of the form

A = 1 2 N 1. 7
com — acom ”’com acom ’l’com e acom ”“com . ( )

Here, pcpn = % Ziczl @com,i 1s the mean of the common
vectors. The discriminative common vector of each class is
obtained by projecting any feature vector from the training
set of that class onto the range space of S, . That is,
=Wl i=1.,C, j=1..,N (18)
Here, W is the range space projection matrix of S.,. W
is formed by stacking the eigenvectors of S, correspond-
ing to the nonzero eigenvalues. The test query y is classified
according to the following criterion:

C*:argmin{HSZi—WTyH},i:1,...,C (19)
1
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Fig. 2 A sample occluded face image divided into 4, 6, and 8 parti-
tions [12]

3 Modular extensions of subspace methods

In modular ex tension of a conventional face recognition
method, generally the face image is divided into rectangular
subregions. Then the classification method is applied to these
subregions independently. The final decision is obtained by
combining the independent outputs using several ensemble
approaches. However, the sub-block size is an important
issue. Large sized sub-blocks increase the computational cost
of the algorithm [25], whereas small-sized blocks do not meet
the expectations from the modular approaches [24]. If P x QO
dimensional face image is divided into p x g dimensional
sub-blocks, there exist K = P 0 partitions.

The main aim of modular approaches is to separate the
occluded and nonoccluded regions. Majority voting is pop-
ular method for decision fusion [27]. However it gives equal
weight to all of the noisy and clean subregions.

In [22], authors propose simple but efficient decision rule
for modular LRC approach, namely distance-based evidence
fusion. In this method, firstly for the kth partition the distance
between the test probe y and its predictions y; in Eq.4 are
computed. Then the minimum of these distances is chosen
as a winner for this partition, i.e.,

Li=1,...,C (20)

k ok gk
d; =mmn H.V —Ji

where y* and jzf are the kth partitions of test probe and its pre-
diction generated using the it/ class predictor. Then, we get
K decisions from K partitions. The final decision is decided
in the favor of minimum dik, that is,

*=argmin{d{‘},k:l,...,K (21
i

Distance-based evidence fusion method is successfully applied
to CVA in [12]. Similar with modular LRC approach, CVA
is applied and a winner distance is chosen for each of the
partition. Finally, test probe is classified in the favor of min-
imum of these distances. By following the similar idea, the
modular extension of DCVA can be defined.
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Fig.3 The dik distances in Eq.20 for CVA. d;‘ calculates the distance
between the common vector of the it/ class and the projection of the
test probe y in the null space of the ith class

Sample partitions of an occluded image from AR face
database [19] is given in Fig. 2. The 5 and the 6/ partitions
of the second image in this figure are completely occluded
with scarf. It is obvious that these parts have no contribution
to classify the face image. On the contrary, these parts may
cause the image to be classified to the wrong class. Distance-
based evidence fusion method successfully eliminates the
occluded parts since the distances in Eq.20 evaluated from
the occluded partitions are generally higher than the nonoc-
cluded partitions.

As a case study, assume that we want to classify the image
in Fig. 2 with CVA using four partition in a 50-class classi-
fication problem. It should be noted that the test image is
selected from the first class. In Fig. 3, it is seen that by using
the first and the second partition the test image is classified
to the first class, whereas it is classified to the 46¢h and 25th
classes by using the 3rd and the 4¢h partitions respectively.
The 3rd and the 4th partitions correspond to occluded parts
of the image and using them for classification causes wrong
decision. Also, distance-based evidence fusion method finds
the minimum distance in Fig. 3 and classifies the test image
to the class i where the minimum distance appears.

4 Partition selection strategy

The main advantage of modular face recognition approaches
is to eliminate the occluded parts in the image since they have
no contribution to classification. If one combines the classi-
fier outputs of the first and the second partitions in Fig. 3,
the performance of the classifier may increase. However,
before the combination of the classifier outputs, the occluded
parts in the image must be determined and then eliminated,
because it is obvious that classification using the occluded
parts decreases the classifier performance.

-

Fig.4 A sample scarf-occluded face image divided into 20 partitions

In this part, a new partition selection method is proposed
by using three information acquired from the test image: (i)
Entropy of partition, (ii) a correlation information acquired
from partition, and (iii) root-mean-square error value com-
puted using the partitions of the test and mean images of the
training set. These three information can be easily derived
from the test image. After partition selection, the classifier
supports of the selected partitions are combined using several
combination rules.

4.1 Image entropy

The entropy of an image can be defined as a measure of
the amount of randomness in the image. Entropy is used to
determine the weights of the partitions in several works[21,
24]. The entropy for partition X, can be given as follows

N;
Hy ==Y pilog(pi) (22)

i=1

where N; is the number of gray levels and p; is the probabil-
ity associated with gray level i. If the entropy of a partition
is low, then the information contained by the partition is low.
Thus partition may have little or no contribution to the clas-
sification.

Figure 4 shows a sample occluded face image from the
AR face database divided into 5 x 4 = 20 partitions. The
entropy values for the partitions are given in Fig. 5a. The
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partitions 3, 16, 17, 18, 19, and 20 have low entropy values
when compared with the other partitions, i.e. they contain
little information which may lead wrong classification.

4.2 Image correlation

In this part we define a new criterion to detect the occlusion
in an image. Let X be the kth partition of the test image.
Then we define a correlation matrix for the kth partition as
follows:

R, = Xi X7 . (23)

Let Ej denotes the sum of the eigenvalues of Ry. If the kth
partition is occluded, it is expected that the relations between
pixels are low. Therefore Ej will be lower than the eigenvalue
sum of other partitions’ correlation matrices. In Fig. 5b the
eigenvalue sums of the correlation matrices for the parti-
tions of the face image in Fig. 4 are given. The lowest five
eigenvalue sums are evaluated for the partitions 16, 17, 18,
19, and 20 (E16 — E79). which are completely occluded by
scarf. Also, partitions 1, 5, 13, 14, and 15 have small eigen-
value sums when compared to the other partitions. Therefore,
image correlation can be used for detecting the occluded parts
of the face image.

4.3 Root-mean-square error

Before giving the root-mean-square error (RMSE) coefficient
for the partition Xy, we need to define the mean image of the
database. The mean image of the database is evaluated by
averaging the images in the training set taken under good
illumination conditions with no facial expression. If Xj is
not occluded, it is expected that the difference between mean
image and X is small. Let I represent the k¢h partition of
the mean image of the database. Then the RMSE of X is
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calculated by using the following formula:

P 0 x 1 5
RMSEy = \/Zl’:l 2 g1 Xi(p. @) —Ii(p, 9)) o)

PO

Here p and g represent the pixel coordinates, X (p, ¢) and
Ix(p, q) represent the corresponding pixel gray level inten-
sities, P and Q represent the dimensions of the partition.

If the partition is not occluded, then it is expected that
the RMSE value for the partition is small with respect to the
occluded partitions’ RMSE values. In Fig. 5c, RMSE values
for the partitions of the image in Fig. 4, are given. RMSE
values for the partitions 4, 13-20 are large which are occluded
by scarf except the 4¢h partition. Then, RMSE values can be
used for occluded partition selection.

4.4 Adaptive partition selector

The disuse of occluded partitions in classification may
increase the system performance. Careful selection of nonoc-
cluded image partition becomes more important. By using
the image entropy, image correlation, and root-mean-square
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error measures, we define adaptive distance measure for the
kth partition as,

_HkxEk

= 25
RMSE; (25)

Sk

Ej and Hj, are expected to be higher and R M S E}, is expected
to be lower for nonoccluded image partitions. Then s; may
have higher values for nonoccluded partitions. We define a
threshold value s, as half of mean of the adaptive distance
measures for the partitions of a face image. Then the kth
partition is assigned as nonoccluded if its adaptive distance
measure sy is larger than s,.

Adaptive distance measures, sx, and threshold s;, are
given in Fig. 6. Since the s values for partitions 1-12 are
larger than the threshold value s;j, they are assigned as
nonoccluded partitions. The partitions 1-12 are completely
nonoccluded and contain the eyes, their surroundings, fore-
head, some parts of the cheeks. Our algorithm eliminates the
rest of the partitions (13-20) since they are mostly or fully
covered with scarf.

5 Decision fusion

After the selection of the nonoccluded partitions, distance-
based evidence fusion method can be applied to classify the
test sample. But the result will be the same when we apply
the method without any prior partition selection. Instead, we
apply several decision fusion rules to combine the classifier
distance values of selected partitions. In the following, we
briefly explain three very well-known distance combination
methods, namely product, sum, and majority voting rules
[11,30].

Assume that image is partitioned into K subimages and
Df,i = 1,..., C are the distances evaluated for the kth
partition using an individual classifier. When classifying the
kth partition of a test sample, classifier compares C distances,
in the other words, it produces a distance for each class.

5.1 Product rule

In the product rule, the response of the it/ class is computed
by multiplying the distances evaluated for K partitions. The
method is very sensitive to outliers, since very high or very
low scores have great effect on the final score. Distance values
for product rule are computed as,

K
Dist =[[Df. i=1.....C (26)
k=1

Final decision is given according to the criterion given below:

C* = argmin {Dist;}, k=1,..., K. 27)

1

5.2 Sumrule

The fused distance value for the ith class is computed by
summing the responses of the class for K partitions as follows

K
Dist;=>» Df, i=1,...C (28)
k=1

The decision criterion for sum rule is the same as product
rule. Since the classification methods LRC, CVA, and DCVA
methods decide according to the nearest neighbor rule, the
decision criterion given in Eq. 27 is ruled in favor of the
minimum distance.

5.3 Majority voting rule

It is the way of making decisions via voting. Majority voting
has three variations: (i) most of the classifiers have the same
decision, (ii) more than 50% of the classifiers have the same
decision, (iii) all classifiers have the same decision[30]. We
used the first version in the experimental work. The outputs
of majority voting rule classifiers are binary values, i.e., Dl’? €
{0, 1}. If a test query satisfy the following equation, then it
is assigned to the class I:

K c K
DY = max Z D¥. (29)
=1 =4

The summation on the right side of Eq. 29 simply counts the
votes from classifiers for each class and finds the winner one.

6 Experiments

We test the performance of the proposed partition selection
method on AR [19] and Extended Yale B [5] face databases
using LRC, CVA, and DCVA.

6.1 The AR face database Experiments

The database contains 26 images from each of 126 people.
Images are captured in two sessions, under several illumina-
tion conditions, occlusions (sun glasses, scarf), and facial
expressions (smile, neutral, anger, and scream). Original
images are of 768x576 pixels. After preprocessing opera-
tions (converting grayscale, cropping, and scaling) the final
size of the images is 299x222. In the experiments we used
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Fig.7 Images of a subject from the AR face database after the prepro-
cessing operations

the same subset of AR (30 male, 20 female) with Ref. [1].
Figure 7 shows a subject’s images from the database after
application of the preprocessing steps. The same poses are
taken from the subjects on different days; thus, database con-
tains two same samples from each illumination conditions,
facial expressions, and occlusions.

In the first part of the experiments, we used all of the
14 nonoccluded face images (al-a7, bl-b7 in Fig. 7) for
training and six occluded images with scarf (all, al2, al3,
bll, bl2, and b13 in Fig. 7) for testing purposes. Thus, we
used 50 x 14 = 700 and 50 x 6 = 300 images for training
and testing purposes. The scarf images also have different
illumination conditions. All images are divided into 5 x 4 =
20 modules with the size 59 x 55.

The results are given in Table 1. We use Prod_S, Sum_S,
and MV_S to represent the product, sum and majority vote
results after applying the proposed partition selection algo-
rithm. Conventional LRC, CVA, and DCVA methods give
the worst results. Among the modular methods, CVA has the
highest classification accuracy. But the recognition results
are not satisfactory level at all. The fusion of modules’ clas-
sification results using product, sum, or majority vote rules
increase the recognition results in all of the three subspace
methods. Combining the classifier outputs using majority
vote gives the best classification results. When we select the
partitions of the face images using the proposed method and
apply product, sum, and majority vote rule to the classifier
supports, the subspace methods reach their best recognition
performances. LRC method correctly classifies all of the
occluded images when we combine the classifier outputs of
the partitions using the product or majority vote rule after
applying the proposed partition selection algorithm. CVA
method misclassifies just one sample from 300 occluded
images when we combine the classifier outputs using product
rule. As aresult, classification performances of the subspace
methods clearly increase when the partitions are selected by
our proposed algorithm.

In the second part of the experiments, we used the same
training set with the first experiments and the six occluded
images with sun glasses (a8, a9, al0, b8, b9, and b10 in Fig. 7)
for testing. Images of the test set also have different illumi-
nation conditions. 700 images are used in training stage and
300 images are used for testing the performances of the sub-
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Table 1 Comparison of the methods at scarf-occlusion problem in
terms of recognition rate (%)

Methods LRC CVA DCVA
Conventional 12.67 19.00 72.33
Modular 76.33 97.67 81.00
Product 99.33 97.00 89.67
Prod_S 100 99.67 96.33
Sum 98.33 96.67 87.67
Sum_S 98.67 99.00 95.00
Majority Vote 99.67 98.67 97.00
MV_S 100 99.00 98.33

Table 2 Comparison of the methods at glass-occlusion problem in
terms of recognition rate (%)

Methods LRC CVA DCVA
Conventional 34.33 55.00 17.67
Modular 64.33 68.67 34.33
Product 87.67 86.33 39.33
Prod_S 86.67 85.67 41.33
Sum 69.67 67.00 29.33
Sum_S 69.67 68.67 32.00
Majority Vote 73.00 73.33 40.00
MV_S 76.00 75.67 38.00

space methods. Similar with the first experiment, the images
are divided into 59 x 55 dimensional 5 x 4 = 20 modules.

Table 2 shows the classification results of the second
experiment. As in the first experiments, the conventional sub-
space methods have the worst classification performances.
Modular type subspace methods are better than their con-
ventional versions. Among the modular methods, CVA takes
the lead but the results are not at satisfactory level. When
we combine the classifier outputs using product, sum, and
majority vote rules, the performances of the subspace meth-
ods increase at a certain level. Also its obvious from the
results in Table 2 that selecting the partitions using our pro-
posed algorithm mostly increase the performance of LRC,
CVA, and DCVA. Among the subspace methods, LRC is the
better than CVA and DCVA. DCVA is the worst classifier
since it generates single subspace for all classes, whereas
LRC and CVA generate different subspace for each of the
classes. Also classification performance of DCVA strongly
depends on the size of feature vector [1].

We also compare our proposed method, with different
methods on occlusion problem in the AR face database. Dif-
ferent experiment scenarios are realized for the works given
in the references [17,20,35,37]. We implement our method
using the same experiment scenarios for fair comparison.
We use 100 subjects (50 males, 50 females) from the AR
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Table 3 Comparison of the methods at scarf and glass-occlusion problems in terms of recognition rate (%)

MRC-Block [20] SRC[35] MSR-MSF-VQ|[37] Liet. al[17]
Scarf Glass Scarf+Glass Scarf Glass Scarf Scarf
60.56 64.56 60.28 93.50 97.50 98.00 95.70
MLRC+Prod_S 95.42 94.25 94.64 97.00 95.50 97.33 96.33
MLRC+Sum_S 92.25 85.92 88.53 91.50 80.50 95.67 95.33
MLRC+MV_S 95.17 94.67 94.64 97.00 91.00 97.33 93.33
MCVA+Prod_S 93.50 92.33 93.06 84.00 84.50 97.00 95.67
MCVA+Sum_S 90,42 85.33 87.77 60.00 62.50 94.67 91.67
MCVA+MV_S 93.08 93.25 92.88 90.00 80.00 97.33 94.33
MDCVA+Prod_S 61.33 63.08 59.00 69.50 67.00 73.67 76.33
MDCVA+Sum_S 57.67 57.17 54.00 64.00 52.50 66.33 69.00
MDCVA+MV_S 68.00 66.92 62.77 79.00 62.50 80.67 83.00
Bold represents the best recognition performances
1009 @
95 yY i
3 ¢
2 %07
4
Fig. 8 Sample test face with random block occlusions changing from s 85¢
0to 50% ol
8 75| TMLRC+MV_S
" -©MLRC+Prod_S
face database. The results are summarized in Table 3. The 70| =MLRC+Sum_S
value at the topmost of a column is the performance of the 4MLRC
method which is compared with our proposed approach. Each 650 10 2.0 30 40 50

of the column represents an independent experiment whose
scenario is the same with the one given in the compared ref-
erence. It is clearly seen from the table that our proposed
method outperforms the methods given in Table 3 except
SRC with glass occlusion problem and MSR-MSF-VQ with
scarf occlusion problem. Modular LRC is better subspace-
based classifier than Modular CVA and Modular DCVA.
When combining the classifier supports, product rule gen-
erally has the best performance. Thus, choosing LRC for
classification method and product rule for classifier support
combination will give the best result.

6.2 The YALE face database experiments

The extended Yale Face Database B consists of 38 subject
classes. 64 images are taken under different illumination set-
tings for each subject [5]. The images are cropped, resized,
and normalized to 192 x 168 pixels [16]. The database is
divided into 5 subsets based on the angle of the light source.
The angles covered by the first two subsets are between 0°
and 259, the third subset covers from 25° to 50°, the fourth
subset covers 50° to 77°, and the fifth subset covers above 78°
[16]. The number of images in the subsets for each subject
is 7,12, 12, 14, and 19 respectively.

Occlusion Percentage (%)

Fig. 9 Recognition rate versus occlusion percentage changing from 0
to 50%

Table4 Comparison of SRC and our proposed method for various level
of occlusion

0% 10% 20% 30% 40% 50%

SRC 100 100 99.8 98.5 90.3 65.3
MLRC+Prod_S 99.8 99.8 99.8 99.8 98.7 92.6

Bold represents the best recognition performances

In the experiments, we choose the first and the second
subsets for training (722 images, normal to moderate light-
ing conditions) and the third subset for testing (456 images,
more extreme lighting conditions). We randomly add square
block unrelated image to the testing probes to investigate the
contiguous occlusion. The size of the block is varied from 0
to 50% of testing image as shown in Fig. 8. Since the results
in Sect. 6.1 show that LRC outperforms CVA and DCVA,
we use LRC to compare the recognition rates. Fig. 9 shows
the classification results versus various level of occlusion. It
is clearly seen that our proposed method outperforms mod-
ular LRC method on the occlusion problem. Also, proposed

@ Springer
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method behaves nearly perfect up to 40% occlusion, i.e. it
misclassifies just single probe out of 456 face images when
the occlusion level is 30%.

In the work [35], authors compare the SRC recognition
rate with several popular methods under several synthetic
block occlusion levels on the Extended Yale B database.
SRC has superior classification results over Independent
Component Analysis [10], Principal Component Analysis
(PCA)[33], Nearest Subspace (NS) [16], and Localized Non-
negative Matrix Factorization (LNMF) [18]. We implement
the same experiment with our proposed method. As itis seen
from Table 4, even if SRC reaches 100% recognition rate
when the occlusion is 10% (also our method has 99.78%
recognition rate), our method is more robust to occlusion
than SRC.

7 Conclusion

The modular subspace-based classification methods obvi-
ously surpass their conventional variations. But in occluded
face recognition problem, their performances are not at the
desired level.

In this paper, the modular version of DCVA is proposed
firstly and used. We proposed a new partition selection strat-
egy for modular face recognition methods. In the propose
method, the partitions are selected using the combination
of three coefficients which can be easily generated from
face image. The supports of the selected regions are com-
bined using product, sum, and majority vote rules. The
performance of the proposed partition selection strategy is
tested on scarf, sun glasses, and random block occlusion
problems. In the experiments, it is seen that combining
the classifier outputs of all partitions using several decision
fusion strategies increases the classifier performances. The
subspace-based methods reach their best recognition per-
formance after selecting the partitions using the proposed
approach.
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