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Abstract— Feature selection and representation play a significant role in the design of machine learning systems. Having a 
poor feature representation can severely limit the performance of learning algorithms. Also machine learning applications 
require features which are invariant to scale, rotation, illumination, expression and occlusion. This paper describes Fuzzy_ 
Bat clustering based Feature selection and optimization of an extensive feature set obtained by combining local scale and 
rotation invariant feature, appearance based feature and entropy based feature for recognizing faces from video with focus on 
pose and occlusion invariance. The fuzzy_ Bat clustering algorithm is used to search the optimal features from the feature 
space based on a well-defined criterion. The effect of the classifier and optimization algorithm on recognition accuracy is 
studied with Honda UCSD video database dataset1. Experimental results show that the Fuzzy_ Bat clustering based feature 
selection and representation perform well with optimized features when compared to fuzzy rule based and Fuzzy C_ means 
based algorithms. Also it has been observed from simulation results that using a squared Euclidean distance based classifier 
enhances recognition rate when compared to Euclidean distance based classifier. 
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I. INTRODUCTION 
 
Face recognition has been a successful biometric in 
recent past and has been extensively used in 
applications involving pattern recognition, image 
processing, signal processing and computer vision. 
Research on still and video based face recognition has 
been of much interest due to its wide practical 
applications such as security, surveillance, 
authentication and challenges particularly related to 
varying illumination, pose, partial occlusion etc[1]. 
When compared to still images, face recognition from 
videos has gained importance as videos possess 
motion information which can be exploited for face 
recognition. Basically the performance of face 
recognition system is hugely affected by the choice of 
features. In order to select robust features invariant to 
pose, illumination, occlusion etc it is essential to 
frame a good feature extraction algorithm that would 
enhance the recognition performance of the system.  
Feature extraction is the process of representing an 
object with a large set of features. From this feature 
set, a subset of features are selected during the feature 
selection process with the objective of minimizing 
redundancy and minimizing error during 
classification. This reduced feature set reduces the 
computational complexity as well as provide 
enhanced performance during object discrimination. 
Feature extraction algorithms can be of two types 
namely structure based feature extraction and 
statistical based feature extraction methods[2]. Some 
of the commonly used statistical feature extraction 
methods are Principal Component Analysis(PCA) 
and Independent Component Analysis(ICA) [3] 
which are fundamentally dimension reduction 
techniques. While PCA is sensitive to variations in 

illumination and variations in expressions, LDAs fail 
to provide robust solution due to its separable 
criterion.  
Feature selection plays a significant role in a wide 
variety of applications namely pattern classification, 
data analysis, machine learning, computer vision, 
biometrics, data mining and multimedia information 
retrieval. Several feature selection and optimization 
algorithms exist in literature. Of these, population 
based optimization algorithms namely Genetic 
algorithm based[4,5,6] and Ant colony 
Optimization[15] based techniques are popular as 
they provide good results together with unsupervised 
learning techniques. But as BAT algorithm has been 
proved to outperform these algorithms we propose a 
novel feature selection and optimization algorithm for 
face recognition together with fuzzy clustering.  
In this paper we propose Fuzzy_Bat clustering based 
Feature selection and optimization of an extensive 
feature set obtained by combining local scale and 
rotation invariant feature, appearance based feature 
and entropy based feature for recognizing faces from 
video with focus on pose and occlusion invariance. 
The fuzzy_Bat clustering algorithm is used to search 
the optimal features from the feature space based on a 
well-defined criterion. The effect of the classifier and 
optimization algorithm on recognition accuracy is 
studied with Honda UCSD Video database dataset1.  
 
II. FEATURE EXTRACTION  

 
An Extensive Feature set which is robust to pose and 
occlusion is modeled by extracting features using 
Speeded-Up Robust Feature (SURF) algorithm, 
Active Appearance Model and weighted Holo-
entropy.  
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SURF: SURF is a robust interest point detector based 
on Hessian matrix measure and a Haar wavelet 
response distribution based descriptor proposed by 
Herbert bay [7]. It is insensitive to noise, 
displacement, scale, rotation and illumination. It 
offers a compromise between the complexity of the 
feature and robust characteristic to changes in image 
attributes. It is comparatively superior to other 
detectors and descriptors such as SIFT in terms of 
repeatability, distinctiveness, robustness and 
computation speed [7]. The fundamental steps in the 
process of SURF implementation consists of selection 
of key-points or interest points at corners, blobs, T-
junctions, representing the interest point and its 
neighbourhood by a feature vector referred to as 
descriptors. Figure 1 shows a sample frame with 
SURF interest points. 
 

 
Figure 1. Sample frame with SURF interest points 

 
AAM Features: An active appearance model 
(AAM) is best suited for matching objects based on 
shape and appearance[8]. This model which is built 
during the training phase uses the coordinates of 
keypoints which appear in all the images. For the 
purpose of optimization it uses the difference 
between the current estimate of appearance and the 
target image. Also the least squares method used 
enables faster matching thus reducing the 
computation time.  
 
HoloEntropy: When face recognition is to be done on 
an image, it requires only a single matching that has 
to be checked. Whereas when face recognition is 
from videos, a number of subsequent frames will 
have redundant information and this increases the 
computational complexity and also reduces speed due 
to the large number of comparisons made 
unnecessarily with redundant frame to determine 
match. For this purpose we use Holoentropy to detect 
the frame which is an outlier in respect of redundant 
information and helps to identify frame with unique 
features.  
In a dataset of n objects {x1, x2, x3, …..xn}, with each 
object representing a m x 1 categorical attribute 
vector  = [y1, y2, y3, . . . .ym]T, entropy of Y is given 
by equation (1).   

H() = 	H(	y , y , . . . . y ) 	

= 퐻(푦 |푦 , … …푦 )																							 

       = H(y1) + H(y2|y1) + . . . . + H(ym|ym-1,…..y1)    
                                                      (1) 
The holo-entropy HL(Y ) given in equation (2) is 
defined as “the sum of the entropy and the total 
correlation C(Y) of the random vector Y, and can be 
expressed by the sum of the entropies on all 
attributes”[9]. 
 
 퐻퐿(푌) = 	퐻(푌) + 	퐶(푌) 
  = 	∑ 퐻(푦 )													          (2) 
  
The weighted holoentropy 

Depending on the application different 
attributes contribute differently. To account for this 
we assign a weight to each attribute giving more 
importance to the attributes with less entropy. The 
weights are obtained directly from the data using 
inverse sigmoid function and is given by equation (3). 

 푤(푦 ) = 2 1−	
	( ( ))

          (3) 

 
The weighted holoentropy of the random vector Y is 
obtained by adding up the weighted entropies of the 
individual attributes of Y and is given by equation 
(4). 
 푊(푌) = 	∑ 푤(푦 )퐻(푦 )		          (4) 
 
Here the entropy of each frame H(.) is calculated 
using equation (1) and hence the vector Y has only 
one component. Thus holoentropy HL(.) is equivalent 
to the entropy H(.). Subsequently each frame is 
assigned a weight function w(.) which is obtained 
using equation (3). The weighted entropy W(.) is 
given by equation (4). This weighted entropy 
contributes to the extensive feature set POIF. 
 
III. FUZZY CLUSTERING USING BAT 
ALGORITHM 

 
Xin-She Yang, inspired by the echolocation 
behaviour of bats, developed an optimization 
algorithm called Bat Algorithm (BA) [10]. The 
principle of echolocation is that “Each virtual bat flies 
randomly with a velocity vi at position 
(solution) xi with a varying frequency or wavelength 
and loudness Ai. As it searches and finds its prey, it 
changes frequency, loudness and pulse emission rate 
r. Search is intensified by a local random walk. 
Selection of the best continues until certain stop 
criteria are met”. BA together with fuzzy 
optimization has been successfully used for 
unsupervised learning [11]. An approach combining 
these two concepts has proved to provide better 
matching performance between the actual data and 
the predicted data in the case of exergy models. Khan 
and Sahari [12] in their work made a comparison of 
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bat algorithm with other algorithms such as Particle 
Swarm Optimization and Genetic Algorithms and 
showed that BA performs better. This has motivated 
us to implement bat algorithm with fuzzy clustering 
for the purpose of enhanced face recognition under 
uncontrolled scenario.  
The dynamic behaviour of bats could be controlled by 
tuning the frequency. Also to maintain a balance 
between exploration and exploitation, the algorithm 
dependent parameters could be varied [13]. Equations 
(5), (6) and (7) are the update equations for the bat’s 
frequencies Ai, velocity vi and position xi respectively 
in a d-dimensional search space. 
  
Ai = Amin + (Amax – Amin) x            (5) 
vi

t = vi
t-1 + (xi

t – xt
best)             (6) 

xi
t = xi

t-1 + vi
t              (7) 

      
The value of  ranges between 0 and 1. The value 
xt

best denotes the current best location at time t after 
comparison with all locations of all n bats. Since 
velocity is given by v = A where  is the 
wavelength at which the waves are emitted, the 
increment in velocity is based on varying either A or 
 keeping the other value fixed. The minimum and 
maximum value of the frequency is determined by the 
size of the domain of the problem in consideration. 
The initial value of frequency for each bat is assigned 
any value in between Amin and Amax.                                                                                                                                                           
 
3.1 Fuzzy_Bat Algorithm 
In recent past, Fuzzy schemes have been popularly 
used for clustering where a particular sample may be 
simultaneously grouped under many categories but 
with different degrees of membership ranging from 0 
to 1. Of various fuzzy clustering schemes, Fuzzy c-
means (FCM) clustering is popular because of its 
simple and easy implementation. However, the 
limitation of FCM is that it is sensitive to initial 
values and gets trapped in a particular optimum. 
Algorithms such as genetic algorithms and Particle 
Swarm Optimization (PSO) can be very useful, but 
they still have some drawbacks in dealing with 
multimodal optimization problems. However, Bat 
algorithm has been proved to be an efficient global 
metaheuristic optimization tool. This motivates us to 
use Bat algorithm combined with fuzzy clustering to 
find the optimum feature set. The steps involved in 
Fuzzy_Bat algorithm is as follows. 

1. Initialize the parameters including 
population size, frequencies, Number of 
generations and dimension. 

2. Create a swarm with d bats. 
3. Assume an initial best solution. 
4. Calculate the fitness value of each bat.  
5. Update the frequency for each bat. (5) 
6. Update the velocity matrix for each bat. (6) 
7. Update the location vector for each bat. (7) 
8. Calculate the (global) best and (local) 

personal best location for all the bats. 

9. If terminating condition is not met, go to 
step 4. 

10. Update the location using the output of 
Fuzzy inference system. 

 
IV. SIMULATION RESULTS 

 
The proposed Fuzzy_Bat clustering algorithm was 
tested on Honda UCSD Video database[14] using 
MATLAB. The resolution of each video sequence is 
640x480. The video sequences contain both in-plane 
and out-of-plane rotations that are suited for 
recognition under pose variation analysis. Also there 
are sequences depicting real world environment with 
partial occlusion, out_of_view, scale variation etc. 
There are two datasets in this database. The first 
dataset includes three different subsets namely one 
for training, another for testing and the third one for 
occlusion.  
Table I shows the parameters set for the fuzzy_Bat 
algorithm. The various performance metrics that were 
considered for analysis are recognition accuracy, 
False Acceptance Rate, Specificity and Mathews’ 
Correlation Coefficient. The 2 x 2 confusion matrix 
for binary classification is given in Table II. 

 
Table I. Summary of parameters set for the 

Fuzzy_Bat algorithm. 

 
 

Table II. Confusion matrix for 2 x 2 binary 
classification. 

 
 
TP = True Positive, TN = True Negative, FP = False 
Positive, FN =  False Negative 
 
The Recognition Accuracy of any biometric system is 
given by equation 2 

 
퐴퐶퐶 = 	             (8) 
 

False Acceptance Rate also known as Type II error in 
Biometric security systems is a measure of the 
number of instances during which an unauthorized 
person is falsely identified as an authorized person. 
Another significant performance measure is the 
Specificity also known as True Negative Rate. It is a 
measure of proportion of negatives that are correctly 
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identified as negatives and is derived from the 
confusion matrix as given in equation (9). 
  
 푆푃퐸퐶 = 	              (9) 
 

The Mathews Correlation Coefficient 
(MCC) serves as a measure of quality in machine 
learning particularly in the case of binary 
classification when the classes vary largely in size. It 
is basically a correlation coefficient between the 
observed and predicted binary classification and 
ranges between -1 and +1. A value of +1 denotes 
perfect prediction and a value of -1 denotes total 
disagreement between the predicted and observed 
value. The MCC is computed from the confusion 
matrix by using equation (10) 
 
 푀퐶퐶 = 	 	 	 	 	

( )( )( )( )
     (10) 

 
 

 
(a) 

 

 
(b) 

Figure 2: Graph illustrating variation of Fuzzy_Bat, Fuzzy rule 
and Fuzzy C_means algorithm with the number of training 

frames for squared Euclidean distance measure. 
 
Figure 2(a) and 2(b) shows the variation of 
Specificity and MCC with the number of training 
frames used for classification for the three 
optimization algorithms namely Fuzzy_Bat, fuzzy 
rule and Fuzzy C_means using squared Euclidean 
distance measure.  It is observed that of the three 
algorithms Fuzzy_Bat gives a good result. Also in 
Figure 3(a-d) a comparison of recognition accuracy, 
FAR, Specificity and MCC are made for the three 
algorithms based on the distance measure used in 
classification. It is clearly observed that Fuzzy_Bat 
algorithm along with squared Euclidean distance 

measure gives good classification result in terms of 
accuracy, False Acceptance Rate, Specificity and 
MCC.    
 

        
(a) 

 

 
(b) 

 

 
(c) 

  

         
   (d) 

Figure 3: Comparison of Fuzzy_Bat, Fuzzy rule and Fuzzy 
C_means algorithm for Euclidean distance and squared 

Euclidean distance measures in terms of (a) accuracy,  (b) 
FAR, (c) Specificity and (d) MCC. 
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CONCLUSION 
 
Feature extraction and selection plays a significant 
role in face recognition. A number of optimization 
algorithms for feature optimization is available in 
literature. In this paper we analysed the effect of 
fuzzy_Bat algorithm on the recognition accuracy 
using the pose and occlusion invariant features and 
demonstrated through simulation that it performs well 
compared to fuzzy rule based and fuzzy C_means 
algorithm. Also we have illustrated that squared 
Euclidean distance measure gives higher accuracy 
when compared to Euclidean distance measure.   
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