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Abstract 

 
One of the popular local based approaches for many types of image processing applications is the Local 
Binary Pattern (LBP).  The methods based on facial images for various applications extracted the local 
features based on LBP and its variants. The histogram methods based on LBP is a complex task since it 
derives a huge bin size and that’s why they are in capable in integrating with statistical features. To 
overcome this Uniform Local Binary Pattern’s (ULBP) are proposed in the literature. The disadvantage of 
ULBP is i) it treated all Non-Uniform Local Binary Pattern’s (NULBP) into one miscellaneous label; ii) 
further a small fluctuation of noise may transform the ULBP into NULBP thus the overall performance 
will be degraded. Later the researchers proved that NULBP also contains a part of significant texture 
information. This paper addressed this by deriving a fuzzy based approach on NULBPs to handle the 
noise problem and further derived a subset of NULBPS called as prominent NULBP (PNULBP) to 
improve overall performance. The combination of fuzzy-ULBPS and PNULBPS are named as fuzzy 
significant local units (FSLU). This paper constructed co-occurrence matrix on the derived FSLU and 
computed GLCM features and performed age classification using machine learning classifiers. The gray 
level co-occurrence (GLCM) features extracted on the proposed FSLU exhibits high face recognition rate 
on popular facial datasets than the existing and popular local based approaches.  

Keywords: Histogram, fuzzy, robust, ULBP, NULBP 

1. Introduction 

     One of the stimulating and motivating problems in the field of computer vision and image analysis is 
the face recognition (FR). The researchers in the field of computer vision have shown tremendous interest 
and attention over the last few years in FR methods. This is mainly due to various real time and practical 
applications of FR in day today life. The face recognition problem can be formulated as follows: Given an 
input or query face image and a feature database of face images of known individuals, how can we verify 
or determine the identity of the person in the input image?. The efficacy of a FR method greatly depends 
on the quality of the facial image and FR accuracies drops significantly due to the poor quality of facial 
images: either due to a variety of facial expressions, subject’s alignment problem to the camera, gaze 
deviations or facial hair [1-7]. The facial images can be classified in to two groups: unconstrained and 
constrained. The unconstrained facial images are captured without any particular background [2, 3, 4, 5, 
6, 7, 8]. The FR methods for unconstrained facial images [2, 3, 4, 5, 6, 7, 8] yielded good results to some 
extent. Today FR methods are derived against different facial expressions, occlusions, and pose variations 
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when compared to the holistic approaches [8, 9]. These algorithms are derived based on Gabor filters, 
Speeded Up Robust Features (SURF), Scale Invariant Feature Transform (SIFT), and histograms of LBP. 

     Recently local based feature extraction methods have become popular due to their simplicity, easy to 
understand and derivation of significant features more efficiently. The more recent works of local based 
methods are [10, 11]. The local based methods are more stable to local changes such as illumination, 
rotation, expression, occlusion etc. [12, 13]. The Gabor wavelet based methods exhibited a high FR rate 
[14, 15]. The popular local approaches include local binary pattern (LBP) and Gabor filters and they fall 
into the hand craft descriptors category. Ahon et al. [16] used LBP descriptors for face recognition and 
later various variants to LBP like LTP [17], ELBP [18], DLBP [19], LPQ [20], SULPB [21], CSETM 
[22], SAFTUM [23] and POEM [24] are extensively used for FR and achieved good results. One of the 
disadvantage of LBP is it is prone to noise and to overcome this and to enhance the robustness in the 
presence of noise local ternary pattern (LTP) [17] is proposed in the literature. To extract complementary 
features of LBP, the transition LBP (TLBP) and direction coded LBP (DLBP) are proposed. To derive 
multi orientations and multi-scale information from facial images, Gabor wavelets are proposed [12, 25] 
and they are capable of extracting facial information on a large scale. To deal with blurring effect on 
facial image and to extract facial features from the blurred images the local phase quantization (LPQ) [20] 
and patterns of oriented edge magnitude (POEM) [24] are proposed and they attained good results.  

     This paper is organized as follows: the section one describes the introduction. The section two 
elaborates the proposed method. The section three presents results and discussions with major 
contribution of the paper. The conclusions are presented in section four. 

2. Proposed method  

     The local binary pattern (LBP) played a significant role in image analysis, classification, content based 
image retrieval (CBIR), medical image processing, face recognition, age classification, facial expression 
detection etc. The basic LBP is derived around the canter pixel of a 3x3 neighborhood with radius R=1 
and with eight sampling or neighboring points. The basic 3x3 neighborhood is shown in the following 
Fig.1. 

V1 V2 V3 

V4 Vc V5 

V6 V7 V8 

Fig.1: The 3x3 neighborhood. 

The gray level of sampling points of Fig.1 are denoted as V1,V2,V3,…V8 and the canter pixel is denoted as 
Vc. The LBP initially assigns a binary value to each of its neighboring pixel by comparing the sample 
pixels gray level value with the center pixel grey level value as given in equation 1. 

�� =  �
1 �� �� ≥  ��

0            ���� 
                                                        (1) 

����,� =  ∑ �� ∗  2��� �
���                                                 (2) 

The LBP assigns a binary weight to each pixel location as shown in Fig.2 (b) and the binary weights are 
multiplied with the binary pattern and the summation of this generates a unique code called as LBP code 
as given in equation 2.  
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b0 b1 b2  20 21 22 
b3  b4 X 23  24 
b5 b6 b7  25 26 27 

(a) Binary pattern  (b) Binary weights 
 

Fig.2: The LBP transformation process: (a) The local binary neighborhood (Eqn.1) (b) The corresponding 
binary weights. 

In the literature uniform LBPs are proposed [63], based on the number of transitions that take place from 
0 to 1 and 1 to 0 on LBP. The binary labeling of LBP is considered as uniform LBP (ULBP), if it has at 
most two bit wise circular transitions from 0 to 1 and/or 1 to 0. The remaining transitions i.e. if the 
numbers of transition from 0 to 1 or 1 to 0 are more than 2, then such binary labeling windows are treated 
as non-uniform LBPs (NULBP). The majority of the windows (above 85%) generate ULBPs in various 
textures, including natural images, facial images and other images. The uniform LBPs have acquired lot 
of significance in the face recognition approaches and in the other approaches that are based on extracting 
features from facial images like: age classification, facial expressions etc.., the main reason for this is the 
majority of the facial image windows contains the uniform LBPs.  

The LBP8,1 i.e. the 3x3 neighborhood with 8 sampling points generates a total of 256 binary patterns 
(28), out of which 58 are ULBPs and the remaining 198 binary patterns (256-58=198)  are non-uniform 
LBPs (NULBP). In the literature the ULBPs are given a unique code ranging from 0 to 57 and all 
NULBPs are given only one label i.e. 58 and treated them as miscellaneous. The advantages of 
considering only ULBPs instead of LBP is, the histogram bin size is reduced from 0 to 255 to 0 to 58 i.e. 
reduction in dimensionality. Further the ULBPs hold the significant and fundamental information and the 
ULBPs will be present in most of the windows.  

One of the disadvantages of LBP and its variants is a small portion of noise may change LBP code and its 
attributes drastically. This will have major influence in the end results i.e., a ULBP may be transformed in 
to NULBP or vice versa. This paper observed the following important limitations with respect to ULBP 
and NULBP in the presence of noise.  

1. Noise may transform the NULBP into ULBP; in this case by the addition of a NULBP into ULBP 
may not degrade the performance of the overall system.  

2. The small fluctuation of noise, if transforms a ULBP into NULBP then the fundamental and most 
significant unit of texture will be treated a noisy or miscellaneous and such transformations will 
affect overall performance.  

3. Further 90% of the image windows are uniform and only 10% of the windows of the image will 
have NULBPs. From this the present paper observed that there are more chances/ probability that 
a ULBP may convert into NULBP. 

Further this paper observed in the binary labeling process of LBP, noise will have an effect only on those 
sampling points whose gray level values are closer to the gray level value of the center pixel.  

To overcome this problem of noise and to deal ULBPs more efficiently this paper proposes a simple 
Fuzzy threshold for noisy windows (NULB windows).  

Algorithm 1: Fuzzy threshold for noisy windows (NULB windows)  
Begin  
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Step 1: transform the image into binary labeling with a step length of one and on each window do 
the following 
Step 2: If (b1, b2, b3,..b8) forms a ULBP then  
 Go to Step 4 
Step 3: If (b1, b2, b3,..b8) forms a NULBP  
Begin  
 Step 3(a): Re-generate the binary labeling with the fuzzy threshold ‘t’ as given in 
equation 4 
 Step 3(b): identify the type of LBP: (ULBP or NULBP) 
End 
Step 4: with a step length of one consider the next 3x3 window  
 Goto Step 2 until the entire image is labeled.  
End 
 

��� =  �
1 �� �� + � ≥  ��

0     ����
                                                    (4) 

 

In the literature many researchers discussed in length about the significant merits and demerits of ULBP 
and NULBP and this paper noted the following from these discussions. 

1. Many of the researchers expressed that NULBP introduces noise and may not derive 
significant features and thus they may be discarded or can be treated as noisy in the feature 
extraction process. 

2. The NULBP’s derives huge histograms and thus discarding them reduces the dimensionality. 
3. Some researchers [26, 27] worked extensively on NULBP on various applications and 

concluded that by considering few NULBPs along ULBP will increase the efficacy of the 
feature vector.  

4. H. Zhou et al. [26] in their experiments found that the ULBP alone may not describe the 
stochastic attributes of a texture efficiently and it may result loss of some primitive 
information.  

5. A ULBP may be transferred to NULBP by a very small or narrow fraction of noise. To 
address this, this paper introduced fuzzy threshold mechanism. 

6. Some researchers [28, 29, 30 ] used reduced set of NULBPs along with ULBPs for feature 
extraction process. They have derived reduced set of NULBPs by considering the rotational 
invariant NULBP’s. This reduced the bin size of NULBP’s into more than half. This 
combination has increased overall efficacy slightly. 

7. The dominant LBPs are also introduced in the literature [27] to deal with ULBP’s and 
NULBPs. The dominant LBP(DLBP) considers the dominant patterns only which may be 
from the uniform or non-uniform set. The DLBP’s will vary from image to image. 

8. The hierarchical multi scale LBP [31] is another method that explored the concepts of ULBP 
and NULBP. This approach attained efficacy. This approach attained efficacy by considers 
few NULBPs. 

9. Few researchers [28, 32] classified the NULBP’s into different classes and considered few of 
these classes in experiments.  

From the above detailed study on ULBP and NULBP, this paper argues that some useful information 
can be obtained from NULBP.  
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To derive useful information from NULBPs and keeping in mind the huge bin size of NULBPs this 
paper derived prominent NULBP (PNULBP’s). The proposed prominent NULBP’s derives a subset 
of NULBP’s that exhibits a transition from two or more zero’s to two or more one’s and vice versa.  

Following NULBP’s are prominent NULBP’s  

Table 1: Prominent NULBPs in NULBPs. 

NULBPs which are prominent NULBPS NULBPs which are not prominent 
11100110 11001011 
00011011 00110101 
00110011 10101010 
10110001 01010100 
 

The PNULBP contains/derives 52 NULBP out of 192 NULBP’s i.e. 27% of NULBP’s are treated as 
prominent NULBP (PNULBP). The combination of 58 ULBP’s and 52 PULBP forms the Significant 
Local Units (SLU) and this results a total of 110 patterns out of 256 patterns. This paper combined fuzzy 
ULBP (FULBP) with PNULBP’s and this combination of patterns is named Fuzzy Significant Local 
Units (FSLU).  

This paper randomly took 100 images from the following databases and computed the percentage of 
ULBP windows before and after applying the proposed fuzzy threshold and listed in Table 2. There is an 
increase of 4% of ULBPS in the proposed fuzzy based threshold approach and this contributes a lot in 
face recognition rate. 

Table 2: % ULBP before and after applying proposed fuzzy threshold 

Name of the database % ULBP % of ULBP after applying 
fuzzy threshold (FULBP) 

% of FSLU 

AT& T- ORL [33] 89.67 93.76 96.28 
Yale facial data base 
[34] 

88.52 94.73 97.28 

FERET[35] 86.45 94.94 97.28 
CMU-Multi-PIE [36] 88.89 95.06 96.24 
CAS-PEAL [37] 87.56 95.65 98.24 
AVERAGE 88.21 94.82 97.02 

 

The proposed FSLU initially transforms the raw facial image into FSLUi index image. Thus the original 
facial image is transformed into an image with gray levels/code levels ranging from 0 to 101 by FSLU 
model. This paper constructed co-occurrence matrix (CM) on FSLUi indexed image and the derived 
matrix is named as Fuzzy Significant Local Unit matrix (FSLUM).  

This paper computed four FSLUM with varying distances ‘d’ rages from 1,2, 3 and 4. On each distance 
value this paper computed FSLUM with four different angles 00,450,900 and 1350. This results a total of 
16- FSLUM and four FSLUMs on each distance value d. The four GLCM features are derived on each 
angle of rotation. This paper computed the average feature value on each distance value and this is 
considered as feature value of the di. The process of derivation of GLCM with gray level range 0 to 3 for 
00,450,900 and 1350 are shown in Fig. 3. The Four GLCM features are computed on FSLUM and are given 
below.  
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      00 0 1 2 3  450 0 1 2 3 

0 2 3 1 2  0 0 1 2 0  0 0 0 2 0 

0 2 1 3 1  1 1 0 2 1  1 0 2 0 1 

2 3 3 2 1  2 0 2 0 2  2 0 1 1 1 

3 1 0 1 2  3 0 3 1 1  3 0 1 1 2 

                 

900 0 1 2 3  1350 0 1 2 3       

0 1 0 0 0  0 0 0 0 1       

1 0 1 2 2  1 0 1 2 2       

2 1 1 1 1  2 1 1 1 0       

3 0 2 2 0  3 1 0 1 1       

 

Fig. 3 : Derivation of Co-occurrence matrix in four directions (00,450,900 and 1350). 

Homogeniety or Angular Second Moment (ASM):  

ASM= ∑ ∑ {P(i, j)}����
���

���
���                                     (3) 

ASM is a measure of homogeneity of an image. A homogeneous scene will contain only a few 
grey levels, giving a GLCM with only a few but relatively high values of P (i, j ). Thus, the sum 
of squares will be high. 

 

Energy : 

Energy = 
 2

,
, ji

jiP
                            (4) 

Contrast : 

Contrast = ∑ n����
��� �∑ ∑ P(i, j)�

���
�
��� �, |i − j| = n                        (5)           

This measure of contrast or local intensity variation will favor contributions from P (i, j) away 
from the diagonal, i.e. i ! = j. 
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Correlation : 

Correlation = ∑ ∑
{���}��(�,�)��µ��µ��

�����

���
���

���
���                                  (6) 

Correlation is a measure of grey level linear dependence between the pixels at the specified positions 
relative to each other.  

3. Results and Discussions 

     To test the efficacy of the proposed FSLUM method, this paper selected the five popular facial 
databases namely ORL[33], Yale B[34], FERET[35] , CMU Multi-PIE [36] and CAS-PEAL [37], the 
sample images of these databases are shown in Fig. 4, 5, 6, 7 and 8 respectively. The brief descriptions 
about these databases are given below. The performance of the proposed FSLUM descriptor is computed 
on these facial data bases and compared with seven state-of-the-art face image descriptors, i.e., LBP [59], 
Local Ternary  Patterns (LTP) [17], LPQ [20], multi-scale LBP (MsLBP) [38] MsDLBP[39], MCM[40] 
and SNULBPUULBP[41]. This research used SVM classifier for FR purpose. 

The ORL data set [33] contains images from 40 subjects and each subject contains ten face images. 
This results a total of 400 (40 x 10) face images in ORL data base. For most of the subjects, the images 
are captured at different times with varying facial details i.e., with glasses and without glasses; with 
varying lighting conditions; with varying facial expressions like open/closed eyes, smiling/not smiling, 
etc. The first 2–6 face images of each subject were used as training samples and the remaining face 
images were used as test samples. Fig. 4 shows Sample Facial Images of ORL database.  

The extended Yale B facial database consists of facial images of 38 different people [34]. Further 
there are more than 64 facial images per each individual and this lead to a minimum total of 2432 facial 
images (38*64) under this dataset. This paper randomly selected 20 facial images of each person p for 
training propose and this leads to a total 38*20 =760 images. The remaining facial images are used for 
testing purpose and sample images of this data set are shown in Fig. 5. 

There are two sub categories of facial images under FERET database [35], namely frontal and non-
frontal FERET image sets (Fig. 6). This paper considered only frontal dataset facial images for 
experimental sake. The frontal FERET dataset consists of various facial image sets known as Fa, Fb, Fc, 
duplicate I (DUP I) and duplicate II (DUP II). This paper used Fa set facial images of frontal FERET data 
set for training purpose and the remaining sets are used for testing purpose.  

The CMU multi PIE face data set consists of facial images of 337 persons and these images are 
captured under varying conditions [36] (Fig. 7). This paper considered facial images of 300 persons and 
seven different samples of each person captured fewer than 7 different smiling expressions. Further there 
are 20 different images of each person captured with different illumination conditions. This leads to a 
total of 27 images of each person. This leads to a total of 300x27 = 7100 facial images. This paper 
selected two facial image from smiling expressions and 5 facial images with different illuminations 
conditions for training purpose. This leads to a total of 300x7=2100 facial images and remaining images 
are used for testing purpose.  

 
 

A1-F1 A1_F2 A1_F3 A1_F4 A1_F5 A1_F6 A1_F7 A1_F8 A1_F9 A1_F10  
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 A2_F1  A2_F2  A2_F3  A2_F4  A2_F5  A2_F6  A2_F7  A2_F8  A2_F9 A2_F10 

 A3_F1  A3_F2  A3_F3  A3_F4   A3_F5  A3_F6  A3_F7  A3_F8  A3_F9 A3_F10 

Fig. 4: Sample facial images of AT&T ORL database. 

 

Y1_F1 Y1_F2 Y1_F3 Y1_F4 Y1_F5 Y1_F6 Y1_F7 Y1_F8 Y1_F9 Y1_F1
0 

Y1_11 

Y2_F1 Y2_F2 Y2_F3 Y2_F4 Y2_F5 Y2_F6 Y2_F7 Y2_F8 Y2_F9 

Y2_F1
0 

Y2_F1
1 

Y3_F1 Y3_F2 Y3_F3 Y3_F4 Y3_F5 Y3_F6 Y3_7 Y3_F8 Y3_F9 

Y3_F1
0 

Y3_F1
1 

Fig. 5: Sample facial images of Yale database. 

4 5 6 7 8 32 33 

 
34 35      36 37 38 20 21 

Fig.6: Sample facial images of FERET database. 
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Fig. 7: sample facial images from CMU-PIE database. 

To consider facial images with different races and continents the CAS-PEAL facial dataset is used in 
the recent literature. The CAS-PEAL facial data set consists of chines face dataset with different 
orientations like pose, expressions, accessories and lighting (PEAL) conditions. This datasets consists of 
1040 individual facial images which 595 are male and rests are female.  Totally this database consists of 
99,594 facial images with different PEAL of each individual. The publically available CAS-PEAL face 
dataset is referred as CAS-PEAL R1 facial dataset and it consists of 30,900 facial images of 1040 
persons. This data set consists of one training set and six probe sets. The six probe/test facial datasets are 
denoted as PE, PA, Pl, PT, PB and PS corresponds to variations in expression, accessories, lighting, time, 
back ground and distance respectively. The sample images of this data are shown in Fig. 8.  
 

 
CAP1 

 
GLASS1 

 
BLUE 

 
RED 
 

 
YELLOW 
 

 
CLOSEEYE
S 

 
SUPRISE 

 
 
SMILE 

 
 
OPENMOU
TH 

 
 
LIGHT1 

 
 
LIGHT2 
 

 
 
LIGHT3 FM_000046 

 
FY_000007 

Fig. 8: Sample facial images of CAS-PEAL database. 
 

The face recognition rates of the proposed and existing methods on the five different databases are 
given in Table 3 and plotted in Fig 9. 
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Table 3: Face Recognition rate on considered databases. 

 

 

 

Fig. 9: Comparison of proposed method with existing methods. 

 

This paper proposed FSLUM descriptor and the following are noted down from the experimental results. 
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Different databases 

LBP [38]

LTP[17]

LPQ [20]

MsLBP [39]

MsDLBP [40]

MCM [41]

SNULBPU ULBP[42]

RFFTM [43]

Proposed FSLUM

Methods  AT&T  

ORL [33] 

 

Yale [34] FERET 
[35] 

CMU Multi  

PIE [36]  

CAS-
PEAL 
[37] 

Avg 

LBP [38] 84.26 
77.41 64.63 90.11 82.86 79.85 

LTP[17] 85.63 
79.84 72.65 92.10 83.09 82.66 

LPQ [20] 89.67 
76.15 73.15 95.01 83.44 83.48 

MsLBP [38] 86.45 
80.11 73.10 94.32 83.40 83.48 

MsDLBP [39] 83.12 
74.69 63.67 91.32 80.88 78.74 

MCM [41] 85.95 
72.91 66.98 92.32 83.11 80.25 

SNULBP 87.50 73.55 74.65 94.63 84.24 
82.91 

 RFFTM[43] 88.03 79.45 74.89 94.94 84.24 
84.31 

Proposed FSLUM 90.03 82.02 77.28 95.25 86.92 
87.01 
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1. The proposed FSLUM descriptor has shown a significant improvement of FR over LBP method 
with reduced dimensionality. 

2. The histogram bin size of FSLUM will be 110. 
3. The proposed FSLUM descriptor has exhibited a high FR when compared to other local based 

approaches on ORL datasets. The proposed method has shown an improvement of 1 to 4% on 
LBP based methods. 

4. The performance of the proposed FSLUM descriptor has improved on Yale B face dataset when 
compared to other local based approaches.  

5. The proposed FSLUM method and the existing methods have shown high face recognition rate 
on ORL and CMU-PIE when compared to and Yale and FERET dataset.  

6. Moderate performance is achieved by all descriptors on FERET database (on average of around 
70%);  

7. The existing methods and proposed method had shown a high FRR of above 90% on CMU-
Multi-PIE face database; however the proposed FSLUM has shown above 90% results on ORL 
and CAS-PEAL databases. 

8.  The proposed FSLUM resulted with the high FR rate on all the five probe sets of CAS-PEAL-
R1.  

9. Out of the five LBP based descriptors, the LPQ followed by MsLBP and LTP achieved a good 
FRR with a mean variation of 2 to 4 percent on all face data sets. 

10. The existing LBP and its variants i.e., LTP, LPQ, MsLBP, MsDLBP, the motif based approach 
MCM exhibited high performance on relatively small-scale data sets (e.g., the ORL data set) and 
the data sets with slight pose or expression variations (e.g., the CMU-Multi-PIE data set). 

11. The proposed FSLUM obtains better FRR than other LBP based methods. It indicates that our 
method is more robust to various variations (illuminations, facial expressions, and poses) of 
human face images. 
 

4. Conclusions  

This paper initially observed the tendency of ULBP in the presence of noise and found a small 
fraction of noise converts more number of ULPBs into NULPB than NULBPs into ULBP. To 
overcome this fuzzy based logic is introduced. Further this paper observed treating 193 NULBPS as 
noisy degrades the overall performance. Top address this this paper derived the prominent NULBPs 
and integrated them with fuzzy ULBPS to derive fuzzy significant local units (FSLU). The GLCM 
features computed on FSLU matrix (FSLUM) derived on FSLU index image attained high efficacy in 
face recognition rate than other local based approaches. This is mainly due to the extraction of 
fundamental texture units more precisely than normal ULBP based methods and derivation of 
PNULBPS and integration with GLCM features. 

 

REFERENCES 

[1] G. Zhao, M. Pietikaeinen, “Dynamic texture recognition using local binary patterns with an application to facial 
expressions”, IEEE Transactions on Pattern Analysis and Machine Intelligence, Vol. 29, No. 6, 2007. 

[2] J. Wright and G. Hua, “Implicit elastic matching with random projections for Pose-Variant face recognition”, Proc. in 
Computer Vision and Pattern Recognition, pp. 1502-1509, 2009.  

[3] P. Dreuw, P. Steingrube, H. Hanselmann, and H. Ney, “SURF Face: face recognition under viewpoint consistency 
constraints”, Proc. in British Machine Vision Conference, pp. 7.1-7.11, 2009. 

[4] X. Lu, A. K. Jain, "Integrating range and texture information for 3D face recognition", Proc. in IEEE Workshop on 
Applications of Computer Vision., pp.156-163, 2005.  

[5] C. Benabdelkader, P. A. Griffin, “Comparing and combining depth and texture cues for face recognition”, Image and 
Vision Computing, vol.23, pp.339-352, 2005.  

[6] J. Ruiz-del-Solar, R. Verschae, and M. Correa, “Recognition of faces in unconstrained environments: A comparative 

International Journal of Management, Technology And Engineering

Volume IX, Issue I, JANUARY/2019

ISSN NO : 2249-7455

Page No:344



 
 

study”, EURASIP Journal on Advances in Signal Processing, vol. PP. 1-–20, 2009.  
[7] K. W. Bowyer, K. Chang, and P. J. Flynn, “A survey of approaches and challenges in 3D and multi-modal 3D+2D face 

recognition”, Computer Vision and Image Understanding, vol.101, pp.1-15, 2006.  
[8] Y. Wang, C. Chua, and Y. Ho, "Facial feature detection and face recognition from 2D and 3D images", Pattern 

Recognition Letters, vol.23, pp.1191-1202, 2002.  
[9] D. Maturana, D. Mery and Á. Soto, “Face Recognition with Local Binary Patterns, Spatial Pyramid Histograms and 

Naive Bayes Nearest Neighbor Classification”, Proc. in SCCC International Conference of the Chilean Computer 
Science Society, pp. 125- 132, Chile, 2009.  

[10] S. Xie, S. Shan, X. Chen, and J. Chen, “Fusing local patterns of Gabor magnitude and phase for face recognition,” 
IEEE Trans. Image Process., vol. 19, no. 5, pp. 1349–1361, May 2010. 

[11] C. A. R. Behaine and J. Scharcanski, “Enhancing the performance of active shape models in face recognition 
applications,” IEEE Trans. Instrum. Meas., vol. 61, no. 8, pp. 2330–2333, Aug. 2012. 

[12] W. Zhang, S. Shan, W. Gao, X. Chen, and H. Zhang, “Local Gabor binary pattern histogram sequence (LGBPHS): A 
novel non-statistical model for face representation and recognition,” in Proc. 10th IEEE Int. Conf. Comput. Vis., Oct. 
2005, pp. 786–791. 

[13] Z. Lei, S. Liao, M. Pietikainen, and S. Z. Li, “Face recognition by exploring information jointly in space, scale and 
orientation,” IEEE Trans. Image Process., vol. 20, no. 1, pp. 247–256, Jan. 2011. 

[14] L. Shen, L. Bai, and M. Fairhurst, “Gabor wavelets and general discriminant analysis for face identification and 
verification,” Image Vis. Comput., vol. 25, no. 5, pp. 553–563, May 2007. 

[15] J. G. Daugman, “Two-dimensional spectral analysis of cortical receptive field profiles,” Vis. Res., vol. 20, no. 10, pp. 
847–856, Oct. 1980. 

[16] T. Ahonen, A. Hadid, and M. Pietikainen, “Face description with local binary patterns: Application to face 
recognition,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 28, no. 12, pp. 2037–2041, Dec. 2006 

[17] X. Tan and B. Triggs, “Enhanced local texture feature sets for face recognition under difficult lighting conditions,” 
IEEE Trans. Image Process., vol. 19, no. 6, pp. 1635–1650, Jun. 2010 

[18] J. Trefn_y and J. Matas, “Extended set of local binary patterns for rapid object detection,” in Proc. Comput. Vis. 
Winter Workshop, 2010, pp. 37–43. 

[19] S. Liao, Max W. K. Law, and Albert C. S. Chung, Dominant Local Binary Patterns for Texture Classification, IEEE 
Transactions on Image Processing, VOL. 18, NO. 5, MAY 2009. 

[20] T. Ahonen, E. Rahtu, V. Ojansivu, and J. Heikkila, “Recognition of blurred faces using local phase quantization,” in 
Proc. Int. Conf. Pattern Recog., 2008, pp. 1–4. 

[21] A. Mallikarjuna Reddy, V. Venkata Krishna, L. Sumalatha,  “Face recognition based on stable uniform patterns” 
International Journal of Engineering & Technology”, Vol.7 ,No.(2),pp.626-634, 2018 

[22] A. Mallikarjuna Reddy, V. Venkata Krishna, L. Sumalatha, “Efficient Face Recognition by Compact Symmetric 
Elliptical Texture Matrix (CSETM)”, Jour of Adv Research in Dynamical & Control Systems, Vol. 10, 4-Regular 
Issue, 2018. 

[23] A. M. Reddy, V. V. Krishna, L. Sumalatha and S. K. Niranjan, "Facial recognition based on straight angle fuzzy 
texture unit matrix," 2017 International Conference on Big Data Analytics and Computational Intelligence (ICBDAC), 
Chirala, 2017, pp. 366-372. 

[24] N.-S. Vu and A. Caplier, “Enhanced patterns of oriented edge magnitudes for face recognition and image matching,” 
IEEE Trans. Image Process., vol. 21, no. 3, pp. 1352–1365, Mar. 2012. 

[25] B. Zhang, S. Shan, X. Chen, and W. Gao, “Histogram of Gabor phase patterns (HGPP): A novel object representation 
approach for face recognition,” IEEE Trans. Image Process., vol. 16, no. 1, pp. 57–68, Jan. 2007. 

[26] H. Zhou, R. Wang, C. Wang, “A novel extended local binary pattern operator for texture analysis”, Information 
Sciences 22, 314–4325, 2008.  

[27] S. Liao, M.W.K. Law, A.C.S. Chung, “Dominant local binary patterns for texture classification”, IEEE Transactions on 
Image Processing 18 (5) (2009) 1107–1118. May, 2009.  

[28] Abdolhossein Fathi, Ahmad Reza Naghsh-Nilchi, “Noise tolerant local binary pattern operator for efficient texture 
analysis”, Pattern Recognition Letters, vol.33, pp.1093–1100, 2012.  

[29] M.Heikkila, M.Pietikainen, C. Schmid, “Description of interest regions with local binary patterns”, Pattern 
Recognition, vol.42, pp.425–436, 2009.  

[30] S.Liao, A.C.S. Chung , “Face recognition by using Elongated local binary patterns with average maximum distance 
gradient magnitude”, Computer Vision- ACCV, pp.672–679, 2007.  

[31] Z. Guo, L. Zhang, D. Zhang, X.Q. Mou, “Hierarchical multiscale lbp for face and palmprint recognition”, ICIP, 2010.  
[32] Loris Nanni, Sheryl Brahnam, Alessandra Lumini, “A simple method for improving local binary patterns by 

considering non-uniform patterns”, Pattern Recognition, pp.1-9, 2012.  
[33] Samaria F., Harter A. "Parameterization of a stochastic model for human face identification".  2nd IEEE Workshop on 

Applications of Computer  Vision December 1994, Sarasota (Florida)  
[34] A.Georghiades, P.Belhumeur, D.Kriegman, From few to many: illumination cone models for face recognition under 

variable lighting and pose, IEEE Trans. Pattern Anal. Mach. Intell.(2001)643–660. 
[35] P.J.Phillips, H.Wechsler, J.Huang, P.Rauss, The FERET database and evaluation procedure for face recognition 

algorithms, Image Vision Comput.(1998) 295–306. 

International Journal of Management, Technology And Engineering

Volume IX, Issue I, JANUARY/2019

ISSN NO : 2249-7455

Page No:345



 
 

[36] T.Sim, S.Baker, M.Bsat, The CMU Pose, Illumination, and Expression (PIE) database, in: Proceedings of IEEE 
International Conference on Automatic Face and Gesture Recognition, 2002, pp.46–51. 

[37] G. B. Huang, M. Ramesh, T. Berg, and E. Learned-Miller, “La-beled faces in the wild: A database for studying face 
recognition in unconstrained environments,” Dept. Comput. Sci., Univ. Massa-chusetts, Amherst, MA, USA, Tech. 
Rep. 07–49, Oct. 2007.  

[38] T. Ojala, M. Pietik¨ainen, and T. Maenpaa, “Multi-resolution gray-scale and rotation invariant texture classification 
with local binary patterns,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 24, no. 7, pp. 971–987, Jul. 2002. 
https://doi.org/10.1109/TPAMI.2002.1017623 

[39] W. Wang, W. Chen and D. Xu, "Pyramid-Based Multi-scale LBP Features for Face Recognition," 2011 International 
Conference on Multimedia and Signal Processing, Guilin, Guangxi, 2011, pp. 151-155. 

[40] Abuobayda M. Shabat, Jules-Raymond Tapamo Image Analysis and Recognition: 13th International Conference, 
ICIAR 2016, July 13-15, 2016, Proceedings (pp.226-233) 

[41] N. Jhanwar, S. Chaudhuri, G. Seetharaman, B. Zavidovique ‘Content based image retrieval using motif cooccurrence 
matrix’, Image and Vision Computing 22 (2004) 1211–1220. 

[42] K.Srinivasa Reddy, V.Venkata Krishna, B.Eswara Reddy, “Face Recognition using the combination of Significant non 
uniform local binary patterns”, ICGST-Graphics, Vision and Image Processing (GVIP), ISSN: 1687-398X, 15(1), 
June-2015, pp: 1-8.  
 

[43] B Vamsee Mohan , V.Vijaya Kumar, “Face Recognition using Robust Fuzzy Based Fundamental Texture Matrix 
(RFFTM) “,Jour of Adv Research in Dynamical & Control Systems, (Communicated)  

 
Author’s Profile  
 

Mr. B Vamsee Mohan is working as Associate Professor, at  PBR Visvodaya Technology 
and Science ,Kavali, and after obtaining B.E (Electronics and Communication Engineering) 
passed from St Peters Engineering College affiliated to Madras University 1999 and 
M.Tech. from  JNTU , Kakinada in 2007 . At present he is pursing Ph.D. from Rayalaseema 
University under the guidance of Dr.V.Vijaya Kumar, Dean- of CSE & IT and Director for 
Advanced Computational Research (CACR) Labs of AGI, Hyderabad. He has published 6 

research papers. 
 

Dr. V. Vijaya Kumar is working as Professor & Dean Department of Computer 
Science & Engineering and Information Technology in Anurag Group of Institutions 
(Autonomous) Hyderabad and Director- Center for Advanced Computational Research 
(CACR). He received integrated M.S.Engg, in CSE from USSR in 1989. He received 
his Ph.D. from Jawaharlal Nehru Technological University (JNTU), Hyderabad, India 
in 1998 in CSE and guided 33 research scholars for Ph.D.  He acted as principle 

investigator for various R&D projects. He has served JNT University for 13 years as Assistant Professor, 
Associate Professor and Professor. He has received Distinguished Professor award from Computer 
Science of India (CSI), Mumbai, best researcher and best teacher award from JNT University, Kakinada, 
India, Leading Scientist of the WORLD -2009 and Top 100 Scientists award in 2010 from International 
Biographical Centre, Cambridge, England. His research interests include Big data and image analytics, 
image retrieval, texture analysis, author attribution, digital water marking. At present he is also acting as 
BoS member for various universities and institutions. He is the life member of CSI, ISCA, ISTE, IE (I), 
IETE, ACCS, CRSI, IRS and REDCROSS. He published more than 120 research publications till now in 
various national, international journals and conferences. He has delivered key note addresses at various 
international conferences. 
 

International Journal of Management, Technology And Engineering

Volume IX, Issue I, JANUARY/2019

ISSN NO : 2249-7455

Page No:346




