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Abstract 
 

Face recognition is considered a complex biometrics in the field of image processing mainly 
due to the constraints imposed by variation in the appearance of facial images. These 
variations in appearance are affected by differences in expressions and/or occlusions 
(sunglasses, scarf etc.). This paper discusses incremental Kernel Fisher Discriminate Analysis 
on sub-classes for dealing with partial occlusions and variant expressions. This framework 
focuses on the division of classes into fixed size sub-classes for effective feature extraction. 
For this purpose, it modifies the traditional Linear Discriminant Analysis into incremental 
approach in the kernel space. Experiments are performed on AR, ORL, Yale B and 
MIT-CBCL face databases. The results show a significant improvement in face recognition. 
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1. Introduction 

As it is known, Biometrics is an active field of research in image processing. Among other 
features in the field, iris, face and fingerprints recognition are specifically used for security 
purposes. Face recognition is most commonly used in real time applications. The main 
emphasis of such systems is the accurate identification and recognition of a person. The 
robustness of such systems depends on the extent to which changes in conditions of light or 
expression or even in the presence of partial occlusion can be measured. However, there is 
hardly any study which may have overcome these limitations satisfactorily. Several 
researchers have proposed various techniques for recognition of faces under conditions in 
which Eigenfaces [1] are variant to aforementioned factors. Neural networks [2] is also an 
important classification and feature extraction mechanism but unfortunately as the size of the 
database increases, its computational cost increases and recognition rate declines accordingly.  
Since face recognition are broadly classified into linear and non-linear methods. In the linear 
method, there are two most commonly used techniques viz. Principal Component Analysis 
(PCA) [1], [3] and Linear Discriminant Analysis (LDA) [4]. The Main advantage of these 
techniques is that they convert the high dimensional image into low dimensional image space 
where the features can be linearly separable. The non-linear methods include the kernel 
version of above-mentioned methods i.e., Kernel Discriminating Analysis (KDA) [5], Kernel 
Principal Component Analysis (KPCA) [6], Laplacian faces [7] and many others. 
These methods are further categorized according to the nature of feature extraction processes. 
Some researchers have used holistic methods involving the whole face whereas others simply 
involve local features such as eyes, nose and mouth regions. Yet there are others who perfer to 
use use the variants of both approaches. Nevetheless face recognition still remains a complex 
issue which presents numerous challenges when it comes to real time applications.  
In view of the above discussion this study specifically examines this problem and attempts to 
deal with a particular aspect of partial occlusion. As noted above the question of accurate 
measurement of facial expression is subject to many limitations. This is highlighted in the 
following Fig. 1.  
 

 
 

1. Fig. 1. Presence of natural and synthetic occlusion in upper and 

lower part of face 

Fig. 1  shows the presence of partial occlusion in face where the lower and upper part of face is 
covered by natural and synthetic occlusions. 
The next Section briefly reviews the literature relating to partial occlusions. It proposes a 
framework for face recognition which is provided in Section 3. Section 4 discusses the various  
experiments conducted to check the applicability of the proposed framework. The broad 
conclusions of the study are given the the final section. 
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2. A Brief Review of the Literature 
Several techniques have been proposed by researchers  that particularly deal with partial 
occlusions in face recognition systems which have been used as a basis for classification. 
Much of the work relates to part based methods, which includes techniques like 2D-PCA 
[8].These methods initially identify the occlusions using k-NN and 1-NN classifiers and then 
check fractional similarities by excluding the occluded portions. In particular, the fractional 
similarity matrix based Self-Organizing Maps (SOM) is used [9] for partial distance and 
determins the nearest neighbor and the image having the least distance is considered as 
recognized image.  
Some researchers have used modification of Support Vector Machines (SVM) named Partial 
SVM [10]. Still others make use of Local Gabor Binary Patterns (LGBP) [11] on the face 
images and change them into multi-scale images. Local Salient (LS-ICA) [12] method 
introduced ICA, is used to calculate the local features of face images. However, algorithm in 
[13] uses the expansions of Posterior Union Model (PUM) and recognition is determined on 
the basis of single sample per class. Apart from this, Lophoscopic PCA [14] based technique is 
used for partially occluded images and different expressions. Undoubtly, this method 
demonstrates significant improvement in its performance but esclates the computational cost 
accordingly. A Selective Local Non-Negative Matrix Factorization (S-LNMF) algorithm for 
occlusion is provided in [15]. Here, the face is partitioned into non-overlapping fragments and 
on each fragment PCA is implemented and after that, 1-NN is used to detect the differences. In 
[16] Partitioned Iterated Function System (PIFS) based face recognition is proposed and the 
algorithms based on it computes self-similarities among the PIFS based local features of the 
image. Yet another method works with the Support vector machine (SVM) with Gaussian 
summation kernel [17] to handle local distortion. There are studies which use probabilistic 
approaches to cater the issue as mentioned in [18]. In all, each method has its own boundaries 
and none of them appears to work for all type of problems.  
While dealing particularly with occlusion, several researchers have worked in incremental 
learning of subspace, i.e. incremental Principal Component Analysis (iPCA) [19] and its 
kernel versions. However, the evidence on incremental LDA is limited perhaps due to its 
singularity constraint.  In order to overcome this, several studies have used neural networks in 
combination with LDA [20] and QR decomposition to deal with this singularity constraint 
[21] or Generalized Singular Value Decomposition (GSVD) [22]. This research work provides 
the basis for the reformulation in computing the kernel version of incremental LDA named 
iKFDA which can be used for recognizing partially occluded face images. In this case, each 
set of class belonging to different subjects is divided into fixed size sub-classes. A detailed 
illustration is described in Section 3 below. 

3. Proposed Work 
The facial feature extraction and classification is considered as a complex task in the face 
recognition systems even if the images are taken under controlled settings. However,  this task 
becomes more complex when the appearance is affected due to expressions or partial 
occlusion. Hence, much of the work on the subject is directed to tackle feature extraction 
process in partially occluded or expression variant images. This section attempts to provide a 
framework for extraction of features in partially occluded (sunglass/scarf) images. For this 
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purpose, an incremental learning is introduced in the non-linear i.e., kernel version of Fisher’s 
Discriminate Analysis, named as iKFDA. A linear representation of incremental LDA has 
been proposed in place of incremental PCA [23] nevertheless, the application of LDA is 
challenging due to singularity constraint imposed by Small Sample Size problem (SSS). This 
is especially the case where the input samples are small in amount as compared to the sample 
dimensions [24] which renders the calculation of inverse of within-class scatter 1−

WS virtually 
impossible. A detailed illustration of these issues have been  discussed in the following 
Section. 
3.1 Incremental Kernel Fisher Discriminate Analysis (iKFDA) 
 
As its is known, facial feature extraction is a crucial phase in face recognition applications. 
The extracted features are highly non-linear in nature therefore, it is necessary to device 
techniques that can extract non-linear facial patterns. On the contrary Kernel methods have the 
capability to overcome this difficulty by using inner products. It projects the features to high 
dimensional spaces, making it feasible to draw a line of separation between the overlapping 
features. 
One of the most important objectives of this study is to transform Kernel methods presented so 
far from Linear Discriminate Analysis (LDA) to kernel LDA in order to discriminate different 
patterns of classes in high dimensional spaces. A kernel is a function k  that satisfies 

))(),(( yxk φφ where ℜ∈yx, and φ is a mapping from  ℜ  to an inner product space f  i.e. 
f→ℜ:φ by assuming that Gaussian kernel is a kernel function for this study. When a set of 

features vectors are given, the kernel methods formulates the Gram matrix. This matrix 
contains the basic relationship between the feature points as well as it satisfies the property of 
being semi definite. 
In view of the above findings, we consider the Eigen-value problem as: 
 

φφφφλ USUS BW =  ,                                                               (1) 

It may be noted that BS  and WS  variances in feature space is given by:   
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From the above equations φφ Mmnc ii ,,, are the number of classes, samples in class i , local 
class mean, and global class mean respectively. With these formulations Eigen-vectors will lie 
in the high dimensional feature space as: 
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The Fisher’s Criterion in kernel space fU ∈  is to find argument that maximizes the 
following: 
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In the application of above methodology in face recognition scenario containing partially 
occluded images, we consider n gray-scale frontal images belonging to 
set qp

naaA ×ℜ∈= },....{ 1 . These images are aligned according to the eye coordinates as given 
by the relevant databases. Due to the complex nature of patterns in facial images especially 
when the images are occluded, it gives rise to severe non-linearity. This non-linear nature of 
occluded images affects adversely the recognition performance. In order to avoid the 
unwanted recognition results, each facial image of set A is manually partitioned into three 
horizontal strips of fixed size known as sub-classes. These sub-classes corresponds to local 
facial features eyes, mouth and nose regions viz one sub-class(horizontal strip) containing 
eyes, second sub-class for the nose and third sub-class for the mouth; given by: 
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From the above equation i
jX is the sub-class of any image ia of ith class in set A , where 

1, 2,3.j = corresponds to three horizontal partitions or sub-classes and ni ,...1=  represents 
the sub-classes of n  images in set A . 321 ,, LLL are the matrix notations for the three sub-class 
divisions with dimension sl × . Placing the extracted sub-classes in a dataset L yields: 
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This arrangement is used for calculating local and global sub-class means which is represented 
by the symbol φφ Mm , respectively. Global sub-class mean is the mean of aggregate 
sub-classes in dataset L and local sub-class mean is the mean of each sub-class in 321 ,, LLL i.e. 
global sub-class is given as: 
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In this equation, n is the total number of samples in dataset L , c  are the sub-classes i.e. 

1, 2,3.c =   and local sub-class mean is given as: 
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Having derived the values of global and local sub-class means we now find the between and 
within-class scatters matrices as computed earlier. Total scatter matrix φ

TS   can also be 
calculated as: 
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Total scatter matrix is a combination of φ
BS  and φ

WS  : 
φφφ
WBT SSS +=   .                                                                (11) 

Rearranging the above equation and placing the value of φ
WS in Fisher’s criterion equations as: 
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This formulation is used to project the sub-classes in kernel LDA space and to introduce 
incremental learning in feature space. In traditional Kernel LDA each time a new image is 
presented, inner product is computed with training set patterns closer in distance with the test 
pattern. In order to avoid the inner product computation simply update φ

WS , φ
BS and φM global 

sub-class mean as: 
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where a , is the new image added among the existing images, n is the total number of samples 
in dataset L i.e. total images are incremented on arrival of new image. If the new image is not 
contained in the dataset L , in that case φ

BS is given as: 
Τ−−+= ))(( φφφφ MaMaSS BB  ,                                                (14) 

Provided the new image is already a member of the training set then update φ
BS  as: 

Τ++++= ))()(1( φφφφφφ MmMmnSS jjjBB  .                                      (15) 

In the above formulation increment jn which belongs to jth sub-class i.e. jtha∈∀ class. 

Likewise, φ
WS can be updated as: 
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Once the subspace is updated with new subjects, distance between the subclasses is calculated 
to provide a compact classification.  
The  purpose of the following section is to calculate the distance for similarity by using the 
distance measures.  
 
3.2. Computing the Distance for Similarity 
After the image has been localized and projected on the non-liner kernel space, the distance d 
between the corresponding sub-classes of training face ai and probe face b is computed. Let 
the set of test images be represented as: 

qp
mbbB ×ℜ∈= },,{ 1    .                                       (17) 

Here distance between each sub-class of the test image i
jX  and the mean of equivalent 

training image sub-class im  is computed which is shown by the following matrix 
representation: 
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The function ),( i
i
j mXd  is basically the gradient distance function [25] between the two data 

points in the lower dimensional space, which is given by the following formulation: 
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where )|( i
jXiE∇ , is the direction of gradient of ith subject with probability E and is given 

[25] by Eq. (20).  

)()|()|(
1

ij

c

j

i
j

i
j mmjXEXiE −=∇ ∑

=

  .                           (20) 

In this Equation, im and jm  are mean features of the ith and jth subjects respectively. The 
entity with least distance among the sub-classes in the f dimension of non-linear subspace is 
considered to give the final identity using the formula [25] in Eq. (21). 
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Overall flow of proposed framework is summarized in Algorithm 1 as in the following: 
 

Algorithm 1:iKFDA 
Input: Generate a set of training images { i

jX } for each subject using Eq. (7) 
Output: A correctly classified occluded image in kernel space ƒ 
Step 1: Compute the kernel matrix via kernel trick in [26] 
Step 2. Calculate M and mi   using Eq. (8) and Eq. (9) 
Step 3. Calculate Φ

BS  using Eq. (2) and Φ
WS via Eq. (3) 

 If 0=Φ
WS  use Eq. (12) to compute the inverse of Φ

TS  otherwise use conventional LDA 
methodology 
Step 4. Perform Eigenvalue decomposition via Eq. (1)  
Step 5. Update the global mean using Eq. (13) 
Step 6. Update SB incrementally on arrival of new subject using Eq. (14)   
If subject is already member of set L then use Eq. (15) 
Step 7. Increment SW via Eq. (16) 
Step 8. Compute gradient distance of project features using Eq. (21) 

4. Results and Experiments 
 To determine the robustness of the proposed work, experiments were performed on four 
renowned databases. The datasets involved in the evaluation process included AR database 
[27] which is considered to be the benchmark for evaluating the effectiveness of algorithms. It 
comprises of 4000 colored images of 126 individuals. Each subject has a total of 26 images 
taken in two different sessions which comprises of 13 images in each session. Each set of 
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images contains variant illumination, expression and above all natural occlusion due to scarf 
and sunglasses. ORL [28] dataset contains 40 subjects, each having 10 images. The images 
vary in slight head orientations, expressions and presence and absence of glasses. Yale B 
database contains 15 subjects, each having 11 images. These images vary in lighting 
conditions and expressions. This database is selected to check the performance of the system 
without occlusion information and images belonging to MIT-CBCL database contain faces 
and non-face images. It is provided with a training set of 2429 faces and 4548 non-face images 
while the probe set comprises of 472 face images and 23573 non-face images. Images of faces 
include frontal as well as different profile views. All the experiments thus performed are based 
on the assumption that images are aligned according to eye position and histogram equalized 
to obtain stable results. The experiments proceeded in three steps. Firstly, tests are performed 
on whole images using different training samples, presence of random pixel corruption, 
natural and synthetic occlusion. Secondly, experiments are conducted on partitioned images 
containing synthetic, natural occlusion and availability of partial features. Finally, average 
recognition rates are calculated, i.e. after performing each experiment several times using the 
following mechanism:  

T

t

t

t
c

a e

e
R

∑
== 1   .                                                                    (22) 

 
Where t  is the number of experiments, t

ce  is the number of correct classifications for tth  run, 

Te is the total experiments and aR is the average correct matching rate. Criteria for matching 
the two face images are based on the distance function of similarity computed in the earlier 
sections. After the images are projected on the kernel feature space, the subclasses with least 
distance are taken as correct identity.The follwing subsections explains the process of 
experimets for evaluating the effectiveness of the technique. 
 
4.1 Without occlusion 
 
This set of experiment deals with face recognition scenario in which the images are taken from 
above mentioned databases. Experiments are performed with varying training samples of each 
subject i.e., 3, 5 and 10 and corresponding recognition rates are obtained. Size of images from 
ORL database is kept at its original i.e., 112×92, for AR database images size is 120×165, in 
Yale B database images are cropped to 133×122 whereas for MIT-CBCL face images are 
cropped to 128×128 pixels. From each dataset a total of 10 sample images of each subject are 
considered in which 3 images are trained at the initial stage, and then 5 and lastly 10 images 
are used.  Later experiment is performed with randomly selecting three training images per 
person from each dataset while rest of eight samples constitutes of testing set. The next step 
involves a series of experiments which requires selecting five random images per person for 
training and remaining five images from the probe set and lastly 10 training samples are 
considered for gallery and 10 images forms the probe set. In these experiments whole face is 
taken into consideration and the recognition rates obtained on the above databases are 
represented in Table 1 and graphical illustration in Fig. 2. 
 

 Table 1. Recognition rates on different training samples 

Databases 
Recognition Rates on Different Training Samples 

3 5 10 



2504                                                                Aisha et al.: Face recognition invariant to partial occlusions 

ORL 51% 85% 100% 
AR 50% 88% 92% 

EYB 88% 90% 99% 
MIT-CBCL 66% 80% 95% 

 

 
2. Fig. 2. Recognition rates on different training samples 

 
4.2 Random Corruption of Pixels 

 
For this experiment, images from above databases are chosen and random noise is introduced 
on the images. Images used for training and testing are same which are performed on a total of 
100 training and testing samples for explaining the robustness of the proposed framework 
under random pixel corruption. In this case, salt and pepper noise is incorporated in the testing 
images, no noise is introduced in the training set. Salt and pepper noise is incorporated due to 
the fact that it lays the appearance of image having black and white dots which give the effect 
of pixels values as being occluded. The size of the images is kept the same as in previous 
experiments. The amount of noise intensity introduced is varied from 0%, 10%, 20%, 30% up 
till 50% and the effect of each is recorded and displayed as an average of recognition rates 
obtained after performing each test several times. Fig. 3 shows the presence of noise on sample 
AR database image. Table 2 and Fig. 4 demonstrate the recognition rates on the datasets. 
 

 
3. Fig. 3. Sample image with random noise 

4.  
Table 2. Recognition rates with random corruption of pixels 

  

Percentage 
Corruption 

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

ORL 100% 88% 75% 70% 66% 53% 
AR 100% 70% 71% 60% 43% 33% 

EYB 100% 86% 80% 75% 50% 48% 
MIT-CBCL 100% 76% 70% 66% 56% 30% 
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5. Fig. 4. Recognition rates with random corruption of pixels 

 
4.3 Natural occlusion 
 
In this experiment, AR database is considered for experimentation since it is the only available 
dataset containing natural occlusion. The training set includes 5 images i.e. neutral, smile, 
angry and partially occluded images (sunglass and scarf), of 50 male and 50 females. While its 
alternative images from second session are used for the probe set. Neutral face is taken so as to 
check the accuracy of the system while partially occluded images are used for determining the 
robustness of recognition system. Table 3 shows the recognition rate in percentage of the 
proposed method while considering natural occlusion and expression images. This test did not 
produce good results on occluded images while better recognition rates were obtained on 
expression images. 
 

 Table 3. Recognition rates (%) with partial occlusion and expression on AR database 
  

Partial Occlusions Varying Expressions 
 Sunglasse

 
Scarf Smile Angry Screa

 ikFDA 60 65 97 96 90 
 
 
4.4 Synthetic occlusion 
 
In order to further evaluate the performance of the proposed work, block occlusion is added on 
the frontal faces of AR and ORL databases. In this experiment, training and testing set is the 
same, images from both the dataset are firstly trained without occlusion and then tests are 
performed with block occlusion. Percentage of block occlusion is estimated using the block 
size of rr ×   pixels where }50,...20,10{=r placed at arbitrary location on the images. If 
block size is 1010× then 10% occluded block in incorporated on the image. From ORL 
database neutral, smile and slightly tilted head of each subject is used for training while the 
occluded version of these images forms the testing set. These images are used for checking the 
performance of the system under synthetic occlusion. From AR database neutral, smile and 
angry images of each subject is used. Synthetic occlusion added by a black square block on the 
face images is shown in Fig. 5. Table 4 and Fig. 6 represent the recognition rates in % on 
images from ORL and AR datasets containing synthetic occlusion. They also depict the 
percentage of occluded block. 
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6. Fig. 5. Sample images from ORL dataset with synthetic occlusion  
7.  

 Table 4. Recognition rates on databases under synthetic occlusion 
  

Databases Synthetic Occlusions 
 0% 10% 20% 30% 40% 50% 

ORL 100 75 66 51 43 33 
AR 100 85 80 73 50 30 

 

 
 

8. Fig. 6. Recognition rates (%) on whole images with synthetic occlusion 
 

4.5 Synthetic occlusion on partitioned images 
After performing a series of experiments on whole image, now we partition the image into 
three subclasses. All the images used in this experimentation were aligned according to the eye 
coordinate; frontal faces were selected with slight head rotation as in ORL dataset. A 
horizontal strip of size nm×  pixels is manually extracted for each local feature hence making 
the sub-class which is used in the recognition procedure. The size of m and n is kept at a level 
such that each subclass contains the local facial features i.e. first sub-class contains both the 
eyes; second subclass contains nose region and lastly lips and mouth region. Partitioned 
images of face are used for training and testing, difference lies in the fact that training is done 
without occluded images and testing is done with occluded blocks randomly placed on the 
strips. These subclasses correspond to local facial features; the size of each partition is kept at 
the same level so that it does not affect the recognition accuracy. In this set of experiments, AR 
and ORL databases are used. Tests were conducted on 100 subjects, each containing 5 images, 
so a total of 500 training as well as testing images were used. Table 5 represents the 
recognition rates with synthetic occlusion. Fig. 7 represents a sample image from AR dataset 
partitioned into its subsequent sub-classes. 
 

 
9. Fig. 7. Showing three subclasses of a sample face 
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10.  
 Table 5. Recognition rates (%) with synthetic occlusion on partitioned images 

  

Database Percentage of Synthetic Block Occlusions 
0% 10% 20% 30% 40% 50% 

ORL 100 100 89 80 75 50 
AR 100 95 92 85 80 77 

 
 
4.6 Natural occlusion on partitioned images 
A similar experiment is performed with partitioned images containing natural occlusions on 
face. This test is performed to minimize the overall effect of deformed pixels. Priot to this, 
tests were conducted on whole face image with no partitioning scheme. AR database is used 
because of natural occlusion since none of the other datasets considered experimentation 
containing natural occlusion. The partitioned images of classes are trained without occlusion 
and then probe images with occluded faces are used in the testing phase. Tests were conducted 
on 100 subjects, each containing 5 images, so a total of 500 training as well as testing images 
were used. Recognition rates obtained on natural occlusion with partitioned images are 
provided in Table 6. 
 

 Table 6. Recognition rates on partitioned images containing natural occlusion 
  

Partial Occlusions on Partitioned Images 
Method Sunglasses Scarf Smile Angry Scream 
ikFDA 99 95 97 96 90 

 
 
4.7 Partial face recognition on AR database 
Finally, experiment is performed to check if the system is able to recognize the correct identity 
despite giving partial features. The test is conducted first by eyes portion only i.e., training and 
testing sets consisting of eyes of  the individuals. Secondly, nose portion is tested to recognize 
it and lastly, mouth region is given as input and decision is made based on the available 
contents. Further experiment is conducted on AR database with 100 subjects, each containing 
5 images, so a total of 500 training as well as testing images were used. It may be pointed out 
that no occluded image is used in this experiment. Table 7 represents the obtained recognition 
rates.  

 Table 7. Recognition rates (%) with partial facial features 
  

Method Partial Features 
Eyes Nose Mouth 

iKFDA 96 75 91 

 
 
4.8 Comparisons and Discussion  
Linear Discriminate Analysis (LDA) is generally considered as one of the most renowned 
classification techniques in general pattern classification tasks. However, linear methods show 
reduced classification capability when appearance is affected. In such instances non-linear 
versions are mostly used but their increased computational cost becomes a major issue. In 
view of this, the present study attempts to design a general framework for recognition of 
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partially occluded faces in kernel space in combination with incremental learning. Table 8 and  
the corresponding Fig. 8 provide an overview of the most commonly used methods which 
particularly deal with occluded faces. 
 

 Table 8. Recognition rates (%) of different methods 
  

Algorithms Sunglasses Scarf 
SRC [29] 97 93 
S-LNMF [15] 84 87 
PD [30] 98 90 
FARO [16] 90 85 
iKFDA 99 95 

                            
11. Fig. 8. Recognition rates of different methods 

12.  
To further evaluate the fuctionality of the proposed method a compasrison is made with 
different methods dealing with synthetic occlusions. Comparison is made on the basis of  
block occlusion placed at arbitrary locations on the neutral images of AR database. Fig 9(a)-(d) 
shows some of the example occluded images used in the experiment.  Table 9 shows the 
comparative evaluation of diffrent methods whose average recognition rates are shown below. 
 
 

 
13.                                    a                     b                    c                 d 
14. Fig. 9(a)-(d). Example images from AR database with synthetic block 

occlusions. 
 
 

15. Table 9. Recognition rates (%) of different methods dealing in synthetic 
block occlusion 

 

Algorithms Synthetic occlusion at random 
locations as shown in Fig 9 

a b c d 
R-PCA[31] 100% 100% 46% 24% 
LNMF[32] 100% 96% 28% 10% 
KLD-LGBP [11] 100% 100% 100% 100% 
S-LNMF[15] 100% 100% 100% 100% 
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iKFDA 100% 100% 100% 100% 
 
The robustness of our work is based on the presence of natural occlusion on the face images 
due to sunglasses and scarf.  The system is checked with whole images as well as partitioned 
images. These results represent the average recognition rates obtained after performing the 
tests several times. These experiments confirm that better recognition rates are obtained when 
the image is divided into subclasses as compared to whole image. This is due to the fact that 
partitioning the images into subclasses reduces the overall effect of any deformity present in 
the images. 
The underlined merit of the present work is also due to the division of classes into fixed size 
sub-classes which greatly reduces the effect of spatially deformed images [29].  Moreover, the 
method showed great performance even in synthetic occlusion and expressions. Gradient 
distance function [25] used provides an added benefit due to its design principally for feature 
extraction process involving Fisher’s criterion. The incremental learning in kernel space 
significantly improved the performance of new entries in the system with less consumption of 
resources involved in retraining new subjects.  

5. Conclusion 
This study has proposed an incremental Kernel Fisher Discriminate Analysis (iKFDA) to deal 
with partial occlusion caused by accessories like sunglasses or scarf. It establishes the fact that 
the division of facial images into subsequent sub-classes has come to play a pivotal role in 
dealing with likely occlusions. The study has also demonstrated that the incremental learning 
of non-linear space greatly reduces the resource consumption as well as computational cost 
involved in retraining the subspace for new subjects. Our results confirm the robustness of this 
novel technique in dealing with natural and synthetic occlusions, which commonly occur in 
facial image. The algorithm has achieved a recognition rate of 95-99% with natural occlusion 
giving a significantly reduced error. 
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