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Abstract: This paper presents a new log Gabor-FPLBP-SVD (LGFSV) face representation technique that extracts singular
values from log Gabor_FPLBP response image to form the LGFSV feature for face representation. The proposed
LGFSV is invariant to changes in pose, illumination and facial expression. The novelty of this paper comes from (i)
the design of minimal number of log Gabor filters to cover all directional shape features from face image which is
further applied with Four phase Local Binary Pattern to enhance texture features in all direction; (ii) the extraction
of singular value from each local matrix of log Gabor_FPLBP response image to form feature for face identification
using nearest neighbour classifier; and (iii) extensive performance evaluation. In particular, the performance of
the proposed LGFSV for face identification under pose variation and change in illumination and expression is
evaluated on standard face databases such as ORL; Head Pose Image Database, Georgia Tech Face Database,
CMU- PIE, GTAV and RLCI face databases. Experimental results with LGFSV show a significant improvement
over individual face representation techniques.
Keywords: face identification • log Gabor • four phase local binary pattern (FPLBP) • singular value decomposition (SVD)
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1.

Introduction

Human beings have a natural ability to recognize or identify any objects in general and faces in particular at a glance.
However, if face identification is studied as a machine learning system, there is a need to simulate identification artificially
since a recognition ability does not exist in machines. Due to this, there is a need to develop a system aiming to simulate
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human perception of facial images to facilitate artificial intelligent systems. With respect to artificial intelligence (AI),
face identification can also have various important applications in real life. In general, for any application a face
identification system consists of the following three steps shown in Figure 1. Among the three steps, face representation
plays an important role, in view of the fact that an intelligent face identification system requires sufficient and meaningful
facial features during the machine learning of a face.
Over the period of 40 years many face representation techniques have been proposed each with distinct properties.
Owing to this fact, literature on face representation is vast and diverse. To understand the history of developments
carried out for face representation, face representation techniques can be categorized as local and holistic approaches.
Local approaches were among the earliest ways of implementing the face representation problem. These approaches
basically extract distinctive facial features by locating fiducial points and then compute the geometric relationships
among those fiducial points to represent the face. The earliest approach was by Kanade [1] and many other approaches
[2–6] have also been investigated. Face representation based on these local approaches is insensitive to variations in
illumination and pose and also is trivial due to their performance.

Face Detection

Feature Generation

Feature Selection

Step 1

Face Recognizer

Step 3
Step 2
Face Representation

Figure 1.

General architecture of a face identification system.

Later, to improve the performance, holistic approaches have been introduced which use low dimensional representations
of facial images to perform recognition [7–14]. Among the holistic approaches, pioneers were eigenfaces [7] and fisherfaces
[11] that demonstrated the power of holistic approaches both in ease of implementation and in recognition accuracy.
Their performance, however, degrades when the facial feature distribution of the test images are different from that of
the training images. Further, holistic approaches were used along with AI approaches such as neural networks and
machine learning techniques to recognize the faces. For example, in [15], 50 principal components were extracted and an
auto-associative neural network was used to reduce those components to five dimensions. The use of neural networks for
face recognition has also been addressed in [16–18]. However, face identification still remained a challenging problem
due to uncontrolled conditions such as large variations in illumination, poses and expression. Therefore, a robust face
representation technique against these variations is critical because the face acquisition process can undergo a wide
range of variations. Recently, a few face representation techniques have been used to tackle these problems: Gabor
[19–23], Local Binary Pattern (LBP) [24–27], Four Phase LBP (FPLBP) [27], Discrete Cosine Transform (DCT) [28–31].
Among the aforesaid face representation techniqus, traditional Gabor filters [19–23] and its variants [32–37] are the one
that have demonstrated high recognition rates in 2D face recognition from intensity images. From the aforementioned
literature, it is apparent that traditional Gabor based face representation exhibits desirable characteristics of spatial
locality and orientation selectivity that make it more robust against variations in illumination, pose and expressions,
but it has two main limitations. Firstly, the traditional Gabor filters either applied alone or in combination suffers from
a limitation of limited bandwidth of one octave only. Due to this limitation of one octave, a bigger number of Gabor
filters is required to represent the face accurately. For instance (all the Gabor based approaches have usually applied
forty Gabor filters). This results in a high dimensional feature vector of (40 × p2 ) for forty filters of size (p × p), which
further leads to large computation and a higher memory cost. However, if a large bandwidth is considered for designing
the filters, it introduces a significant DC component. Secondly, these traditional Gabor filters overlap more in low
frequencies than in high frequencies, whereas most of the facial features lie in the high frequency component. In order to
overcome the limitation of traditional Gabor filters, an alternative method was proposed by Field [38] to perform both the
DC compensation and to overcome the bandwidth limitations. These log Gabor filters always have a null DC component
and desirable high pass characteristics. The absence of DC components contributes to improve the contrast ridges and
edges of images and also allows capturing directional shape features with a minimum number of log Gabor filters, as log
Gabor filter bandwidth is not limited to 1 octave. Additionally, high frequency information allows encoding the images
more efficiently compared to traditional Gabor filters. These features of log Gabor have been used for many applications
[39–43]. J. Cook et al in [44] presented an investigation of log Gabor with PCA subspace mapping for 2D and 3D face
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recognition. A detailed analysis was done to establish which regions of a face and in what rationale contributes to the
face recognition accuracy. Subsequently, the same group of researchers in [40] proposed an approach called Log-Gabor
Templates (LGT). LGT mainly exploited the fact of breaking a single acquisition of a subject into multiple observations
in both the spatial and frequency domains. These observations were recombined at the score level using linear Support
Vector Machines (SVM). However, authors experimented with this distributed approach only on local distortions such
as expression variation. Further, the authors in [41] used log Gabor filters and the LBP for various facial expression
recognition, with minimum redundancy and maximum relevance algorithm (MRMR) for optimum feature selection. A good
experimental analysis has been presented for six different expressions on the Cohn-Kanade database. It was remarkable
that log-Gabor filters had an ovearll recognition rate of 82.3%, however, not promising for some expressions and also
it was computationally high. Similar to the approach presented in [44] a group of researchers [42] presented a study
on face recognition based on log Gabor coefficients with principal component analysis (PCA) subspace training. The
study shows that log Gabor can recognize images with various diffuse glow effect, dark faces, dark backgrounds, images
with wearing glasses, images with partial occlusions with accuracy of 83%. However, the authors argued that the log
Gabor filter cannot recognize images that have blurring effects like motion blur, illumination effects. To evaluate the
performance of log Gabor under illumination variations, recently an approach has been presented in [43]. The method
extracted the log Gabor coefficients by using the sliding window algorithm at image block-regions and then projected
to LDA projection.
These studies show that although log Gabor is efficient in encoding shape information of the facial image at different
scales and orientation thereby enhancing the directional features, it fails to encode minute texture features of the facial
image. Due to this limitation the performance of log Gabor drops abruptly for change in appearance due to large
variations of expression and pose. This limitation of log Gabor can be dealt with if shape information extracted at
various scales and orientation are further enhanced through a texture based face representation technique such as
FPLBP [27] which is robust to change in local appearance, expression and illumination. Moreover, all the log Gabor
based aforementioned methods rarely discuss the three problems of variations in pose, expressions and illumination
simultaneously. This motivates us to design a significantly improved face representation technique that can tackle all
the three issues simultaneously.
In this regard, this paper presents an approach where we show that combining two of the most successful face representation techniques viz.; log Gabor and FPLBP, gives considerably better performance than either alone. The improvement
and efficiency is achieved due to complementary nature moulded together in the sense that FPLBP encodes minute
texture details while log Gabor features encode directional facial shape over a broader range of scales.
The main contribution of this paper lies in the fact that a novel method for face identification under varying poses,
illumination and expression together is presented. For this, we use LGFSV features that consist of singular values
extracted only from 12 log Gabor filtered FPLBP processed images that makes the proposed approach computationally
efficient.
Further, the proposed approach has been validated on challenging face databases such as ORL1 , Georgia Tech Face
Database 2 , Head Pose Image Database [45] CMU-PIE [46] and GTAV3 and RLCI4 . Experimental results demonstrate that
the performance of face identification with the LGFSV face representation technique is superior to both the individual
face representation techniques i.e. log Gabor and FPLBP. The organisation of the paper is as follows: Section 2 focuses
on the proposed approach for face identification. Section 3 explains the experimentations for parameter selection and
also explains the details of the evaluation setup for each face database with results and discussion followed by discussion
and conclusion in section 4.
ORL web site: http://www.camorl.co.uk
Georgia Tech Face Database: ftp://ftp.ee.gatech.edu/pub/users/hayes/facedb/
3
F. Tarrés, A. Rama, GTAV Face Database: http://gpstsc. upc.es/GTAV/ResearchAreas/UPCFaceDatabase/GTAVF
faceDatabase.htm
4
http://www.googleimages.com
1
2
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2.

Proposed approach

Face identification is still a challenging problem due to variations in pose, illumination, expression and change in
appearance like the presence of either accessory, moustache, reading glass or goggles, etc. To accomplish the robust
face identification under aforesaid uncontrolled circumstances, we propose an effective face representation technique that
extracts SV from LGF image. In short, the proposed approach consists of the following steps: 1) design the sequence
(p number) of log Gabor filters; 2) FPLBP operator is applied on the p filtered images to obtain log Gabor-FPLBP
(LGF) images; 3) the LGF images are divided into non-overlapping square blocks and singular values (SV) [47, 48] are
computed for each block separately and concatenated to form the final LGFSV feature; 4) finally, nearest neighbour
classifier is used for the face identification. Further, individual face representation techniques are briefly described for
technical completion of the paper and all the steps are discussed in detail.

2.1.

Log Gabor representation

Log Gabor first proposed by Field [38] has the following key features. First, it discards the DC components and secondly
it can overcome the arbitrarily wide bandwidth limitation of Gabor filters. The frequency response of the log Gabor in
frequency domain can be represented through Equation (1):

G(f) = exp


−(log(f/f0 ))2
,
2(log(k/f0 ))2

(1)

where, fo is the centre frequency of the filter and k is the scaling factor of the radial bandwidth B. The radial bandwidth
in octaves is expressed as follows in Equation (2):
p
B = 2 2/ ln 2 ∗ | ln(k/f0 )|.

(2)

To obtain constant shape ratio filters, the term k/f0 must be held constant for varying fo . As suggested in [44], k/f0 value
of .74 will result in a filter bandwidth of approximately one octave, .55 will result in two octaves, and 0.41 will produce
three octaves.

Filter bank construction
In order to create a filter, the first shape parameter has to be chosen such that each filter has a bandwidth of approximately
2 octaves [44]. In the following experiments shape parameter (k/f0 =.55) was chosen such that each filter had a bandwidth
of approximately 2 octaves. Further, at different frequencies (radial) and orientation (angular), one has to simply form the
product between the appropriate radial and angular spread components. The radial component controls the bandwidth
and the angular component controls the spatial orientation that the filter responds to. The resultant single filter is
shown in Figure 2. To cover the frequency spectrum effectively, the log Gabor filter bank is constructed with a total of 4

Figure 2.

Resultant filter in frequency domain.

orientations and 3 scales so as to provide an even coverage of the frequency components shown in Figure 3(a). These set
of log Gabor filters also maintains a minimum of overlap between the filters so as to achieve a measure of independence
between the extracted coefficient. Furthermore, extracted log Gabor coefficients do not contains DC components and
have high pass characteristics. In consequence, when these LG filters are applied to face images, it enhance the edge
contours which in turn result in enhancing the eyes, mouth, nose edge in various direction. Thus shape information
captured at different directions contributes for encoding the shape information at different pose.
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Figure 3.

Resultant filters in frequency domain for 3 scales and 4 orientations (These filters are further used to convolve the FFT of input image);
Shown log Gabor filters are complex valued with (b) real part; (c) imaginary part which permit a better capture of both edges and ridges
[49].

Filtering in frequency domain
With the components from the bank of log Gabor filters, an image I(x, y) is convolved by multiplying this frequency
domain filter by the FFT transformed image as given in Equation (3).
G(I) = (I ∗ G(f)),

(3)

where, G(I) denotes the response of the filtered image. The responses are converted back to the spatial domain with the
inverse FFT. The diagrammatic representation of the complete convolution process is shown in Figure 4. The inverse
FFT ends up with the even-symmetric convolution residing in the real part of the result (see Figure 3 (b)) and the
odd-symmetric convolution residing in the imaginary part of complex values of the response filtered image (see Figure 3
(c).Using these two parts magnitude of the response of filtered image is computed. The resultant magnitude response of

Figure 4.

Complete representation of convolution process at scale=1 for varying range of θ.

the filtered image in colour map is shown in Figure 5 for the reader’s understanding. Here, it can be observed how the
shape portion of the 0nose, mouth and eyes has been enhanced. Similarly, for the whole set of scales and orientation the
response of filtered images is shown in Figure 6. Further, to enhance and encode shape information extracted at various
scales and orientation texture based face representation technique such as FPLBP [27] which is robust to change in
local appearance, expression and illumination has been applied.

2.2.

LG-FPBP representation

FPLBP [27], a variant of LBP is a patch based texture representation technique which is highly invariant to change in
appearance. In FPLBP, four patches involved in computing a single bit value code is produced by comparing the values
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Figure 5.

Magnitude response of filtered image at scale=2 and orientation θ =900 .

of four patches to produce a single bit value in the code assigned to each pixel. The formal definition of FPLBP code
shown in Equation (4) as given in [27]:
F PLBPr1 ,r2 S, w, α(p) =


S/2 
X
f d(C1,t , C2,t+α modS) − d(C1,t+S/2 , C2,t+S/2+α modS) 2t ,

(4)

t

where, S = number of patches, w=factor used to determine the size of a patch, r1= radius1, r2=radius 2, Ct and Ct+α
mod S are two patches along the ring, α=distance between two patches in along the ring, d= distance function (e.g.,
L2 norm of their gray level differences), f is defined as:
f(x) =

(
1 if x ≥ τ
0 if x < τ

,

where, τ is the noise level (e.g.,τ = 0.01) as given in [27], which provides some stability in uniform regions. Further,
in order to obtain the FPLBP features, Equation (4) is applied on each pixel of the LG image. Despite the success of
FPLBP for encoding the minute details of facial image, it has a restricted use for larger degree of variations in pose
[24]. In our approach, this limitation of FPLBP has been overcome by first convolving the facial image with sequence of
log Gabor filters at different scale and orientations and then applying FPLBP to extract complete information from the
directional filtered face images which we called as LGF representation shown in Figure 7.

Figure 6.

2.3.

Filtered response of an image.

SVD based feature extraction

The resultant LGF images in Section 2.2 are global representation of a single face image for various combinations of
scales and orientation. Although, these resultant images are efficient in capturing the directional shape and minute
texture information, still there exist two limitations. Firstly, because of the huge face image dimension, there may
present redundant or noisy information whose processing requires a high computational cost. Secondly, since a face is
a topological entity, its spatial structure is of high importance for the face identification task which might be ignored
in global representation. These two limitations have been well tackled in our approach by extracting localized feature
vector by encoding features from separate local matrix of LGF face separately. For this, local SVD has been used to
extract the singular value features after dividing the LGF response image into non-overlapping local matrix of fixed size
shown in Figure 8.
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Figure 7.

The figure shows how the 12 directional LG response images are further processed with FPLBP to form LGF representation of one LG
images.

first local matrix
SVLGF1={sv of local matrix1, ..........sv of local matrix n}

nth local matrix

Figure 8.

2.3.1.

The figure shows how the 12 LGF images are further processed. First, each LGF face image is divided into blocks. SV is obtained for
each local matrix of the LGF face image. Finally, all the SV’s are concatenated to form a SV vector for one LGF face image.

SV features from LGF images

The basic procedure adopted for the proposed local SVD method is that response LGF face image is first segmented into
equal number of K (Image size/Local matrix size) non- overlapping local matrix of predefined size (m×m) pixels. Further,
in order to inherit intrinsic properties of SVD, singular decomposition is applied at each local matrix of size (m × m)
pixels. The extracted SV features are sorted in ascending order. From each local matrix of size (m × m) we extract
only a few singular values k (eliminating those singular value which is equal to, or approaches zero) to represent the
image with little differences from the original. The extracted singular values from first local matrix will be represented
k
k
k
k
as svLM1
. Similarly, svLM2
for second local matrix, svLM3
for third local matrix and svLMk
from all K local matrix. These
extracted singular values are concatenated to form a feature vector LGFSV as shown in Equation (5). The dimensionality
of LGFSV vector is r = K × k
k
k
k
LGF SV r = (svLM1
, svLM2
, · · · , svLMK
)r .
(5)
Further, the final LGFSV feature matrix for all sets of LGF response images at all scales s and for all directions θ is
formed by concatenating the entire SVLGF row vectors shown in Equation (6),
r
LGF SV d = {LGF SVs,θ
|r = 1, · · · , 3; θ = 1, · · · , 4},

(6)

where d is the dimensionality of LGFSV feature matrix. The dimensionality of 12 LGF response images will be 128
× 128 ×12=196608 pixels. On the contrary, a local matrix of size 16 ×16 with 4 singular values retained per local
matrix for all 12 LGF response image will significantly reduce the high dimensionality of feature to (16384/256 × 4
× 12) 3072 singular values which is much lower than the original matrix. Thus, the proposed approach has following
contributing advantages: The LGFSV feature which is used for face representation encodes the face information at three
different levels. First, the global statistical features are extracted by the log Gabor filters secondly, the texture based
information at the pixel level is extracted by the FPLBP face representation technique, and finally, the intrinsic algebraic
information of the face is extracted by dividing the LGF response face into local matrix of fixed size. In this regard the
proposed approach is robust to local distortions, caused by accessory, expression variations, pose and illumination.

2.4.

Distance measure and classification

For a given training set <N , with sample images Ii , = 1, · · · , N the LGF SVi (i = 1, · · · , N) is computed as discussed in
section. Thereafter, to recognize a test face imageLGF SVtest , the nearest neighbour classifier is used, i.e., the person is
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recognized as the closest class Ci input image from database:
Ci = argmindis(LGF SVi , LGF SVtest ),

(7)

where, dis is the distance measure used in our experiment i.e., Euclidean Distance (E):
disE (y1 , y2 ) =

3.

p

((y1 − y2 )T (y1 − y2 )).

(8)

Experimentations and results

This section briefly describes the different parameter setting procedure for the proposed LGFSV. Then, with the selected
parameters we evaluate the proposed LGFSV under different experimental conditions for various standard face databases.

3.1.

Experiments on different parameters of LGFSV

There are parameters such as number of scales and orientation for log Gabor filter design, size of local matrix to
extract SV features and lastly, the number of singular values retained affects the performance of proposed LGFSV.
Experimentation is done on the four individual test sets (PIEf, PIEp, PIEe and PIEi) of CMU-PIE face database [46].
The entire CMU-PIE Face database has been split into a training set and testing sets. Total 340 images (5 × 68
subjects) are randomly selected for training. Remaining images are used for testing. Specifically, testing was performed
on four separate test sets, first test set namely PIEf contains 1360 (20 × 68) frontal images, second test set namely
PIEp contains 1360 face images in varying poses, third test set PIEe contains 1360 face images with variation in
facial expression and last test set PIEi 1360 face images with variation in lighting conditions. Faces from images were
manually cropped and resized to 128 × 128 pixel sizes.

3.1.1.

Effect of number of scales and orientation on identification rates

The number of orientation specifies the resolution of the extracted directional features, while number of scales defines the
range of frequency information {1}. To validate the effect of number of orientation and number of scales on identification
rate, experimentation is performed for possible combination of scales (1 to 3) and orientation (1 to 4). Figure 9, shows the
performance of the face identification rates for possible combinations of scales and orientation. It can be observed from
the graphs shown in Figure 9 that the performance increases with the number of scales and orientation. Additionally,
one more significant observation is, system initially performs better as the number of scales of log Gabor filters increases,
however, when the number of scales reaches four, the identification rate becomes stable. This shows that, small scales
with much rich texture information contain more discriminative information than large scales. Good performance has
been achieved for the set of three scales and four orientations. Therefore, further experiments were performed with three
scales and four orientations to design the log Gabor filter.

3.1.2.

Selection of local matrix size for SVD

For the chosen scale and orientation parameters, the input image is filtered with all 12 log Gabor filters. These filtered
images are then applied with FPLBP face representation technique to transform the filtered images in LGF domain.
Further, in order to preserve the structural information the LGF image is segmented into K local matrix of size m × m.
However, the size (m × m) of the local matrix has to be determined to balance the spatial locality of the approach.
Therefore, to determine the best local matrix size for further processing with an 128× 128 pixel image, we do the
following experiments using (k=4) number of singular values retained from each local matrix. Identification rates are
found over a range of local matrix sizes such as 64 × 64, 32 × 32, 16 ×16, 8 × 8, and 4 × 4. As shown in Figure 10, a
local matrix size of 16×16 pixels gives the best identification rate. With this set of experiments, it is observed that a too
large local matrix size may degrade the system due to the loss of much spatial and structural information as shown in
Figure 10. However, a small local matrix size results in the increase of the computational complexity. To further validate
the effectiveness of local based LGFSV with global LGFSV we decomposed LGF response images by applying SVD on
whole LGF image and computed the LGFSV feature of dimension (d= 12 × 128 =1536) (k=128 singular values for
each LGF image). Important observation is that the application of SVD globally to LGF image reduces the dimension to
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Figure 9.

(a)PIEf

(b)PIEp

(c)PIEi

(d)PIEe

Identification rates at different scales and orientations for different test sets.

1536 singular values with drop in identification rate. This reduction in identification rate is due to the fact that singular
values from one global image may not be the most appropriate features for face identification as different individuals
face images may have similar singular vales. In contrast, local based LGFSV captures structural and spatial information
from each local matrix and thus represent a more robust face for face identification.

Figure 10.

3.1.3.

Identification rate for varying size of local matrix

Effect of rank on identification rate

The number of singular values retained from each local matrix also plays an important role in identification. Generally,
application of SVD on an image of size m × n returns k most significant non zero singular values (σ ) such that
σ1 ≥ σ2 ≥ · · · ≥ σk k=min(m, n) arranged in descending order. From this retained k singular values selection of only
those feature values that contributes towards identification rate is an important task. Therefore, to select the proper
value for k we conducted this experiment using 128×128 pixel images, with a 16×16 pixel local matrix size. It is clear
from Figure 11 that identification rate degrade abruptly with increase in the rank. This is due to the fact that lower
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Figure 11.

Identification rate for varying values of k.

values of singular values are position at the upper side of arranged singular value vector and may represent noise in
information. And if these singular values are added as feature values affects the performance of the face identification
system.

3.2.

Face identification with proposed LGFSV

This section evaluates the proposed LGFSV in identification mode on standard face databases such as ORL {1}, Head
Pose Image Database [45], Georgia Tech Face Database {2}, CMU-PIE [46] GTAV {3} and RLCI {4} face database. In
each experiment, five samples per subject has been randomly selected to construct the training set and the remaining
images of face databases are used for evaluating the LGFSV performance. The experiment is repeated 10 times and
the reported cumulative matching curve (CMC) correspond to the identification rates over the 10 trials. Before applying
LGFSV, face region are first cropped and resized to 128 × 128 pixels for computational efficiency. No illumination
normalization has been performed at the pre-processing stage.

3.2.1.

ORL face database

ORL face database consists of 400 images of 40 subjects (10 poses within ±200 in yaw per subject). All the face images
are of size 92 × 112 with 256 gray levels. The face data has male or female subjects, with or without glasses, with
or without beard, with or without some facial expression, with varied poses and scales (see Figure 12). Currently, this
face database is called as AT&T face database. Following the cross validation method of evaluation, ORL dataset has
been firstly divided into a training set and a test set. For training 200 images of 40 different individuals are randomly
selected. The remaining 200 images with different variations in pose within ±200 in yaw and variation in scale up to
about 10% has been used for evaluating the performance of proposed LGFSV. The first two rows shown in Figure 12(a)
are example training images for two subjects while the third and fourth row shown in Figure 12 (b) shows example test
images for same subject. One can see from Figure 12, that all test images consist of variations in illumination, pose
and facial expression. The cumulative curve plotted is shown in Figure 13 and comparative rank-1 results are shown
in Table 1. The performance of proposed LGFSV is also compared with other approaches to seek out the benefits of
LGFSV. The other approaches that have been compared are; standard PCA which was computed with the usual algorithm,
DCT+PCA in which DCT representated images are projected to PCA space for comparison. Similarly, in DCT+LBP
first images were processed with DCT for global representation and then LBP is used to extract histogram features
for local representation. DCT-HMM [50] has been designed as per the procedure in [51]. The results depicts that
proposed LGFSV shows better and equal performance as high as 100% against other approaches such as DCT+PCA
(98.67%), DCT+LBP (99.22%), DCT-HMM (97.50%). In addition, proposed LGFSV also shows significant improvement
over individual face representation techniques log Gabor (98.36%) and FPLBP (91.90%). This suggests that preserving
the complementary features in feature vector is efficient to increase the identification performance.
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(a)Samples from training set

(b)Samples from testing set

Figure 12.

Some examples of normalized face images from ORL face database.

Identification Rate for ORL test set
1
0.98

Identification Rate(%)

0.96
0.94
0.92
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log Gabor
FPLBP
PCA
DCT+PCA
DCT+LBP
Gabor+LBP
DCT−HMM
LGFSV

0.88
0.86
0.84
0.82
0.8
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8
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Rank

Figure 13.

3.2.2.

Cumulative match curve for different approaches on ORL face database.

Georgian tech face database

Georgian Tech Face database consists of 750 cropped images of 50 subjects (15 sample images per subject with 10
different poses in horizontal orientation under varying tilt rotations. All the images are color images with variations in
skin tone. Sample images of one subject are shown in Figure 14. The entire data set has been divided into a training
set and testing set. Total 150 images (5 × 50 subjects) are randomly selected for training. Remaining images have been
used for testing. Specifically, testing has been performed on four separate test sets, first test set namely Gf contains
200 (4 × 50) frontal images, second test set namely Gp contains 200 (4 × 50) face images in varying poses, third

Table 1.

Comparative rank-1 identification rate of different approaches on the ORL database.

Approaches

rank-1 identification rate

log Gabor

98.36%

FPLBP

91.90%

PCA

89.5%

DCT+PCA

98.67%

DCT+LBP

99.22%

Gabor + LBP
DCT-HMM
Proposed LGFSV

100%
97.50%
100%
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Table 2.

Comparative rank-1 identification rates (%) of different approaches on the Georgian Tech Face Database.

Approaches

Gf

Gp

Ge

Gi

log Gabor

90.03 92.2 84.2 91.3

FPLBP

89.45 90.1 89.5 86.9

PCA

70.5

45.3 56.4 39.0

DCT+PCA

69.9

59.3 60.4 70.3

DCT+LBP

87.1

67.7 75.3 76.9

Gabor+LBP

96.9

95.1 95.8 90.2

DCT-HMM

76.5

60.3 77.3 85.2

Proposed LGFSV 99.0 98.16 98.1 98.3

test set Ge contains 200 (4 × 50) with variation in facial expression and last test set Gi 70 (5 × 14) with variation
in lighting conditions. Although Gi is small test set comparatively, the purpose to create this test set is to evaluate
the proposed LGFSV for variation in lighting effect on faces during acquisition period. While creating this Gi test set,
due care has been taken that training and testing set must have images altogether with different lighting conditions as
shown in Figure 15. Thus, it can be observed that various test sets created consists of faces with large variation in

Figure 14.

Original images of one subject, (b) normalized gray scale image of one subject.Images show how the appearance has changed due
to glasses, beard and variation in pose.

Figure 15.

Top row: Training samples of two different subjects; Bottom row: Testing samples of same two subjects use in training.

illumination, expression, variation in pose. If we compare the performance of test sets of Georgian Tech face database,
the identification rate has deteriorated by ∼2% as compared to ORL face database. This reduction in identification rate
is due to the fact that large variations in skin tone, pose and expression of samples for every subject shown in Figure
14. Based on the experimental observation, it is also interesting to see that other than shadow affects of illumination;
variation in skin tone also affects the performance to a great extent. However, for Gi test set with variations in skin tone,
proposed LGFSV still maintains an accuracy of 98.34%. This improvement is owed to the effect of log Gabor properties.
The absence of DC component in log Gabor filters normalizes the effect of variations in lighting effect as it is robust to
this variation.
To emphasize the discriminating power of the extracted FPLBP feature vector, the comparative rank-1 performance
of DCT+LBP and Gabor + LBP and other approaches are tabulated in Table 2. Results in Table 2 depict that
face representation techniques in combination with LBP features such as DCT+LBP and Gabor+LBP[36] achieves
10∼20% higher efficiency; compared to PCA, DCT+PCA, DCT-HMM.In addition, 9∼18% improvement is observed for
Gabor+LBP for pose variation test set Gp when Gabor features are added compared to standard PCA or DCT-HMM
etc. From this analysis, it has been once again proved that, LBP based approaches are robust to variations in texture
of faces, and due to the effect of FPLBP which is an extension of LBP, proposed LGFSV has outperformed for pose,
illumination and expression test sets compared to all other approaches under comparison for Georgian Tech Face
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Cumulative match curve for different approaches on Georgian face database.

database. Further, another improvement that has been observed for LGFSV is that, log Gabor contributed towards the
performance improvement of 98.9% for Gp test against the individual feature sets of log Gabor (92%) and FPLBP (90%).

3.2.3.

Head pose image database

Head Pose Image database consists of 2775 facial images of 15 subjects with 185 samples per subject (see Figure 17).
The different samples of 15 subjects in the database, are either wearing reading glasses or not, and having various
skin color. The pose, or head orientation is determined by 2 angles (horizontal, vertical), which covers all variations in
poses from -90 degrees to +90 degrees. The database consists faces within 9 tilt rotations (00 , ±150 , ±300 , ±600 , ±900 )
and for each tilt rotation there are 13 pose variations in horizontal rotation (00 , ±150 , ±300 , ±450 , ±600 , ±750 , ±900 ).
Although, images in the Head Pose Image database have fewer variations in expression, occlusion or illumination,

Figure 17.

Sample images of one subject in different poses from Head Pose Image Database.

it gives an excellent range of variations in poses to validate the proposed LGFSV for larger degree of variations in
pose. For the experimentation, for each tilt orientation (00 , ±150 , ±300 ) we considered 9 horizontal pose variations
(00 , ±150 , ±300 , ±450 , ±600 ) in yaw. From all the 45 separate test sets, testing was performed totally on 1350 images.
For instance, each test set named as TS+30-45 represents testing set consisting of images with +300 tilt orientation and
−450 variations in yaw. Graph plot in (Figure 18 (a), (b) and (c)) shows that for the frontal images at 00 ) tilt orientation
all face representation technique techniques have shown better performance compared to other four (±150 , ±300 ) tilt
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orientations for all the horizontal orientation under consideration. Another important observation is that identification
rate for −150 and −300 tilt orientation is inferior by 1∼3% for horizontal variations in all poses compared to +150 and
+300 tilt orientation as can be seen in graph shown in Figure 18. The cause of inferior results is that face images at
negative tilt orientation (−150 and −300 ) looks downward. Due to this, some part of head comes in picture that when
converted into feature affects the performance of face identification system. Rank-1 results in Figure 18 shows that,
not only horizontal movement of faces rather vertical movement for frontal faces equally affects the performance of face
identification system. In addition, one important thing to be observed is that for any tilt orientation (00 , ±150 , ±300 ),
if variation in pose increases beyond ±150 in yaw, the accuracy reduces by 7∼8% which can be much analysed from
the parabolic shape of graphs shown in Figure 18. However, proposed LGFSV maintains the consistency and shows
an excellent identification rate (98.62%, average rank-1 identification rate) for all the orientation in poses from 00 to
±600 in yaw, which is better than log Gabor which is the next best face representation technique that shows an average
identification rate of 92.06% for all variation in poses. The key reason for improvement of proposed LGFSV is the strong
directional shape, texture and local algebraic feature set that has been achieved through combining the properties
of SVD along with FPLBP and log Gabor which is invariant to rotation. We also compared the proposed LGFSV
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Rank-1 identification rate for variation in poses in yaw for every tilt orientation (Red line indicates positive tilt orientation for +150 and
+300 ; blue line indicates negative tilt orientation for −150 and −300 ).

with other state of art approaches. The results are tabulated in Table 3. Rank-1 identification rates shown in Table
3 depicts that PCA is very much susceptible to change in poses. However, other approaches that have used DCT
alone or in combination have shown better performance compared to standard PCA algorithm. From the results, shown
in Table 1 and Table 3, it is analysed that DCT-HMM are only capable of operating on small face databases. The
performance drops dramatically as the size of database is increased. In addition, HMM based systems require more
number of facial images for training. As observed in our experiments, the accuracy of DCT-HMM for Head pose image
database with five training image is 81.40% (average of all horizontal orientation at 00 tilt orientation).On the other
hand, modelling the HMM requires comparatively more time.Further, comparing the results of approaches from Table 3,

142

Kavita R. Singh, Mukesh A. Zaveri, Mukesh M. Raghuwanshi

Table 3.

Comparative rank-1 identification rate for different approaches on Head Pose Image database (varying horizontal orientation at 00 tilt
orientation .

Approaches

−600

−450

−300

−150

00

+150

+300

+450 +600

60%

55.55% 51.1%

PCA

55.55% 55.55% 64.44% 68.88% 77.77% 66.66%

DCT+LBP

66.66% 68.8%

75.5%

80%

82.2%

80%

73.3%

68.8% 64.4%

Gabor + LBP

91.1%

91.1%

93.3%

95.5%

97.7%

93.3%

91.1%

88.8% 88.8%

DCT+PCA

73.3%

75.5%

80%

82.2%

86.6%

82.2%

80%

75.5% 71.1%

DCT-HMM

77.7%

80%

82.2%

84.4%

88.8%

84.4%

80%

80%

75.5%

94%

97.67%

98%

99%

98.67%

96%

93%

Proposed LGFSV

99.33% 100%

it can also be observed that approaches based on Gabor transform such as Gabor+LBP achieves much more efficiency
97.7% respectively. This shows the robustness of Gabor features against the large variation in poses. Among all the
approaches, proposed LGFSV outperformed 98.62% for head pose image database.

3.2.4.

CMU-PIE face database

The PIE (Pose, Illumination, and Expression) database contains a total of 41,368 images from 68 individuals, with
variations in poses, illumination and expression conditions (see Figure 19). Compared to other approaches listed in

Figure 19.

(a)Sample images from CMU-PIE face database:(b)Cropped and normalized samples of subject shown in (a).

Table 4, the performance of proposed LGFSV is almost equal to the performance of novel approach proposed in [23].
The second best performance for CMU-PIE was achieved with Gabor+LBP. Results tabulated in Table 4 depicts that
proposed LGFSV is robust and shows improved performance of (97.5% average of results of all four test sets) under large
variation in poses, expression and illumination. It can be observed that the identification rates obtained on the CMU
PIE face database are inferior compared to the ones obtained on the Head Pose Image database(see Figure 18). There
are two main reasons for this. The first one is, in the Head Pose Image database, the face images contain only variation
in poses and have very slight variation in expression. On the contrary, the CMU PIE database consists of images with
large variation in expression and illumination along with the pose variation which makes it a difficult case. The other
reason is the number of testing images in each set of CMU-PIE database is much larger in number as compared to
number of images in testing set of Head Pose Image database.

3.2.5.

GTAV and RLCI face database

The appearance of human face can be malformed due to various reasons. The reason could be facial makeup, hairstyle,
turban, some accessories, simple reading glasses, goggles, beard, moustache and scarf. The presence of these components
brings occlusion that might curtail some of the features that drop off the performance of face recognition system. Since
face recognition system being a machine learning system, generally faces are cropped from the background in order to
have prominent facial features. In this intellect, hairstyle and turban becomes least significant. It can be observed from
Figure 21 that appearance vary to a great extent due to hairstyle. However, the resultant images shown in bottom most
row of Figure 21, shows that, the effect of hairstyle can be removed as of no consequence when faces are cropped. For
experimentation, we have considered two face databases GTAV {3} and RLCI {4}. The GTAV face database {3} has
been divided into five different test sets: Set 1: consists of 40 images of 20 subjects-no variation. Set 2: consists of
40 images of 20 subjects-images with simple reading glasses with no variations. Set 3: consists of 40 images of 20
subjects- images with goggles. Set 4: consists of 40 images of 20 subjects- images with covered faces. Set 5: consists
of 40 images of 20 subjects-images with major expression. RLCI face database has also been divided into the similar
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Figure 20.

Table 4.

Cumulative match curve for different approaches on CMU-PIE face database.

Comparative rank-1 identification results of different approaches on CMU-PIE face database.

Approaches
Local DCT

PIEf

PIEp

PIEe

PIEi

70.88% 67.64% 59.48% 72.57%

Global DCT

44%

37.05% 43.3% 38.45%

ICA

59%

50.29%

43%

48.6%

LDA

59.48% 48.16% 44.33% 49.11%

PCA

68.23% 40.73% 51.91% 32.42%

DCT+LBP

72.27% 58.3%

Gabor + LBP

96.39% 91.83% 92.94% 88.38%

70.7%

78.6%

DCT+PCA

63.97% 53.23% 54.19% 69.33%

DCT-HMM

74.26% 63.3%

72.5% 83.45%

Proposed LGFSV 98.97% 98.75% 96.1% 97.79%

testing sets as of GTAV, except the Set2, since in RLCI does not have images wearing reading glasses. For RLCI face
database, each set consists totally of 30 images of 15 subjects. For GTAV face database, we conducted experimentation
on 40 images from each set. For Set1 with no variation, we obtained the highest recognition rate of 98.5%. The faces
considered in this set are almost frontal images. Next, through Set2 the objective was to validate the effect of reading
glasses on recognition rate. In this case, complete face is noticeable with box boundaries around the eyes as shown in
Figure 23 (b). We achieved the identification rate of 96% that is almost as good as the result of Set 1. This closeness
in the result of Set 1 and Set 2 shows that, the effect of occlusion owing to simple reading glasses is less significant.
In Set 3 the degree of occlusion increased slighter, where we considered the images wearing dark goggles as shown in
Figure 23 (c). The entire face of the images is visible except the eye region that is being covered with dark goggles.
We obtained the identification rate of 78% using the proposed approach which is improved compared to log Gabor; the
next highest performer as can be seen in Table 5. In this case, although the eye region is covered, the other regions
of face constituting nose, cheek, mouth contributes in recognizing the person. Therefore, from the Set 3, the images
wearing goggles along with wide variation in expression or mouth covered with palm were not recognized correctly as
shown in Figure 22 (a). This is because, dark goggles or palm hide the eye region, which is mostly responsible for
distinct features and the lower region of the face i.e., mouth, nose and cheeks changes due to variation in expression
and occlusion. For Set4, which consist of faces covered with scarf, palm and hair shown in Figure 23 (c), the proposed
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Figure 21.

Table 5.

Sample face of ’Scarlett’ from RLCI.

Identification Rate in % for GTAV and RLCI face Database.

Approaches

Set1

Set2

GTAV RLCI GTAV

Set3

Set4

Set5

GTAV RLCI GTAV RLCI GTAV RLCI

log Gabor

98

78

92

74

73

72.4

65

75

FPLBP

97

76

89

70

70

60

56

67

59

80

96

78

77

75

68

79.8

70

Proposed LGFSV 98.5

67

approach gives the recognition rate of 75%. For occlusion with scarf, although the mouth and the lower region of the
faces are covered, the eye region along with the nose part contributes to the performance through invariant features. On
the other hand, if the faces are covered completely with fingers as shown in Figure 22 (b) are tough to recognize. Even
for images covered with scarf from RLCI face database, where only eyes are visible is not easy to recognize as shown in
Figure 22 (c). Some more image from RLCI face database that have not been correctly recognized as shown in Figure
22 (c) are due to the presence of accessories, dark goggles and moustache that leads to incorrect identification. Thus,

Figure 22.

Few samples not identified correctly.

the correctly identified occluded images were those where upper region of face is visible along with the eye region and
nose. At last, to verify the performance for major variation in expression we conducted the experiment on images from
Set 5, shown in Figure 23 (e). We obtained the better identification rate of 79% compared to other approaches under
consideration. Among all the 3 testing sets, viz: Set 3, Set 4 and Set 5, the images with variation in expressions shows
improved performance since there is only a small region in a face which changes due to change in expression and rest
of the face contributes to correct identification. Same experiment we extended for some more degree of variation in
expression along with pose variation and occlusion for the images from RLCI face database. The identification rate in
this case deteriorated to 70%. One major factor for reduction in identification rate is scale, as the images presents in
RLCI face database are of different scales. Thus it has been found that the accuracy decreases with medium to high
variations in the face texture. In case of high degree of variation such as disguise with turban, beard, and moustache,
the algorithm is unable to find a correct match.
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(a)Sample faces with no variation

(c)Sample faces covered with goggles
and/or fingers

(b)Sample faces covered reading glasses

(d)Sample faces covered with
palm, scarf and/or hair

(e)Sample faces covered with major
expression

Figure 23.

4.

Sample faces from GTAV face database.

Discussion and conclusion

Comparing different state-of-the-art approaches shows that the proposed LGFSV face representation technique achieves
much more efficiency on ORL, Georgian face database, Head Pose Image database and CMU-PIE face databases. The
inherent properties of two successful face representation techniques increase the discrimination power of the LGFSV and
use of SVD not only greatly reduces the feature dimension, but also removes the redundant values from the extracted
features. Encompassing different locality and orientation information, texture and illumination information, compaction
information, the proposed LGFSV method has been proven to be invariant to variations of illumination, expression and
pose. However, these improvements are received at the expense of a high dimension feature matrix size. This high
dimension increases the memory requirements. In addition to simple implementation it offers the advantage of data
independence. For instance, addition of a new face class will not affect the feature vectors used for feature extraction.
As opposed to this, PCA and LDA methods require re-computation of basis vectors then recalculation of features across
the entire database when any new face class is added to it. As a result, the cost of larger feature length is offset by
other implementation and performance advantages. However, the limitation of the proposed LGFSV is that it is not
invariant to a large degree of variation such as disguise with turban, beard, and moustache where the proposed LGFSV
is unable to find a correct match.

Acknowledgement
This project is supported by AICTE of India (Grant No: 8023/RID/RPS-81/2010- 11, Dated: March 31, 2011)

References

[1] T. Kanade, Picture Processing System by Computer Complex and Recognition of Human Faces, PhD. Thesis,
University of Kyoto (Koyoto, Japan, 1973)
[2] B. S. Manjunath, R. Chellaa, C. von der Malsburg, A feature based aproach to face recognition, In: Proceeding of
IEEE Conference on Computer Vision and Pattern Recognition (CVPR 1992), 15-18 June 1992, 373–378
[3] R. Brunelli, T. Poggio, Face recognition: Features vs. templates, IEEE T. Pattern Anal. 15, 1042–1053, 1993
[4] S. Z. Li, J. Lu, Face recognition using nearest feature line, IEEE T. Neural Networ. 10, 439–443, 1999
[5] L. Wiskott, J. M. Fellous, N. Krüger, C. von der Malsburg, Face recognition by elastic bunch graph matching, IEEE
T. Pattern Anal. 9, 775–779, 1997
[6] I. J. Cox, J. Ghosn, P. N. Yianilos, Feature–based face recognition using mixture distance, In: Proceeding of IEEE
Conf. on Computer Vision and Pattern Recognition (CVPR 1996), 1996, 209–216

146

Kavita R. Singh, Mukesh A. Zaveri, Mukesh M. Raghuwanshi

[7] M. Turk, A. Pentland, Eigenfaces for recognition, J. Cognitive Neurosci. 3, 71–96, 1991
[8] M. Kirby, L. Sirovich, Alication of the Karhunen–Loeve procedure for the characterization of human faces, IEEE T.
Pattern Anal. 12, 103–108, 1990
[9] B. Moghaddam, A. Pentland, Probabilistic visual learning for object representation, IEEE T. Pattern Anal. 19,
696–710, 1997
[10] B. Moghaddam, T. Jebara, A. Pentland, Bayesian face recognition, Pattern Recognition, Pattern Recogn. 33, 1771–
1782, 2000
[11] P. N. Belhumeur, J. P. Hespanha, D. J. Kriegman, Eigenfaces vs. fisherfaces: Recognition using class specific linear
projection, IEEE T. Pattern Anal. 19, 711–720, 1997
[12] D. L. Swets, J. Weng, Using discriminant eigen features for image retrieval, IEEE T. Pattern Anal. 18, 831–836,
1996
[13] W. Zhao, R. Chellaa, A. Krishnaswamy, Discriminant analysis of principal components for face recognition, In:
Proceeding of International Conference on Automatic Face and Gesture Recognition (AMFG1998), Nara Japan,
14-16 April 1998, 336–341
[14] M. S. Bartlett, H. M. Lades, T. Sejwski, Independent component representation for face recognition, In: Proceedings,
SPIE Symposium on Electronic Imaging: Science and Technology, California, 25-30 January 1998, 528–539
[15] D. DeMers, G. W. Cottrell, n–linear dimensionality reduction, Adv. Neural Inform. Process. Sys. 5, 580–587, 1993
[16] B. Zhang, H. Zhang, S. Ge, Face Recognition by Applying Wavelet Subband Representation and Kernel Associative
Memory, IEEE T. Neural Networ. 15, 166–177, 2004
[17] C. Park, M. Ki, J. Namkung, J. K. Paik, Multimodal Priority Verification of Face and Speech Using Momentum
Back-Propagation Neural Network, Lecture Notes in Computer Science (Springer-Verlag, 2006) 3972, 140–149
[18] X. Fan, B. Verma, A Comparative Experimental Analysis of Separate and Combined Facial Features for GA-ANN
based Technique, In: Proceedings of Conference on Computational Intelligence and Multimedia Applications, 16-18
August 2005, 279–284
[19] C. Garcia, G. Zikos, G. Tziritas, Wavelet packet analysis for face recognition, Image Vision Comput. 18, 289–297,
2000
[20] M. Lades, J. C. Vorbruggen, J. Buhmann, J. Lange, C. von der Malsburg, R. P. Wurtz, W. Konen, Distortion invariant
object recognition in the dynamic link architecture, IEEE T. Computer 42, 300–311, 1993
[21] L. Wiskott, J. M. Fellous, N. Krüger, C. von der Malsburg, Face recognition by elastic bunch graph matching, IEEE
T. Pattern Anal. 19, 775–779, 1997
[22] C. Liu, Capitalize on dimensionality increasing techniques for improving face recognition grand challenge performance, IEEE T. Pattern Anal. 28, 725–737, 2006
[23] C. Liu, H. Wechsler, Independent component analysis of Gabor features for face identification, IEEE T. Neural
Networ. 14, 919–928, 2003
[24] T. Ojala, M. Pietikainen, T. Maenpaa, Multiresolution gray–scale and rotation invariant texture classification with
local binary patterns, IEEE T. Pattern Anal. 24, 971–987, 2002
[25] T. Ahonen, H. Abdeur, P. Matti, Face recognition with local binary patterns, In: Computer Vision–ECCV–2004,
(Springer–Verlag, Prague, 2004) 469–481
[26] J. Zhao, H. Wang, H. Ren, S. C. Kee, LBP discriminant analysis for face verification, In: Proceeding of Computer
Vision and Pattern Recognition–Workshops, 25 June 2005, 167–176
[27] L. Wolf, T. Hassner, Y. Taigman, Descriptor Based Methods in the Wild, In: Faces in Real–Life Images workshop
at the European Conference on Computer Vision (ECCV), Lecture Notes in Computer Science, Vol. 5303, 12-18
October 2008
[28] Z. M. Hafed, D. L. Martin, Face recognition using the discrete cosine transform, Int. J. Comput. Vision 43, 167–188,
2001
[29] Z. Jianke, V. Mang, M. P. Un, Face Recognition Using 2D DCT with PCA, In: Proceeding of the 4th Chinese
Conference on Biometric Recognition (Sibiometrics ’03) at Beijing–P. R. China, 2003
[30] S. K. Dandpat, S. Meher, New Technique for DCT–PCA Based Face Recognition, InternationalÂăConferenceÂăon
Electronic Systems, Rourkela, India, 7-9 Jan 2011
[31] E. H. Kemal, R. Stiefelhagen R., Local aearance based face recognition using discrete cosine transform, In: Proceeding of 13th European Signal Processing Conference (EUSIPCO 2005), Antalya, Turkey, 4-8 September 2005
[32] A. Serra, Fusion of Gabor Feature Based Classifiers for Face Verification, In: Proceeding of Electronics, Robotics

147

Face identification under uncontrolled environment with LGFSV face representation technique

and Automotive Mechanics Conference, CERMA 2007, Morelos, 25-28 September 2007, 247–252
[33] W. Zhang, S. Shiguang, C. Xilin, G. Wen, Local gabor binary patterns based on mutual information for face recognition, Int. J. Image Graph. 7, 777–793, 2007
[34] Z. Baochang, S. Shiguang, C. Xilin, G. Wen, Histogram of Gabor Phase Patterns (HG): A novel Object Representation
Aroach for Face Recognition, IEEE T. Image Process. 16, 57–69, 2007
[35] L. L. Shen, L. Bai, M. Fairhurst, Gabor wavelets and General Discriminant Analysis for face identification and
verification, Image Vision Comput. 25, 553–563, 2007
[36] X. Tan, B. Triggs, Fusing Gabor and LBP Feature Sets for Kernel–based Face Identification, In: proceeding 3rd
International Workshop Analysis and Modelling of Faces and Gestures (AMFG ’07), Lecture Notes in Computer
Science, Vol. 4778, Rio de Janeiro, Brazil, 20 October 2007, 235–249
[37] S. Anila, N. Devarajan, Global and Local Classifiers for Face Recognition, Eur. J. Sci. Res. 57, 556–566, 2011
[38] D. J. Field, Relations between the statistics of natural images and the response properties of cortical cells, J. Opt.
Soc. Am. 4, 2379–2394, 1987
[39] D.
P.
Kovesi,
What
are
Log–Gabor
Filters
and
why
they
are
good,
2006,
http://www.csse.uwa.edii.au/ pk/Research/MatlabFns/PhaseCongruency/Docs/convexpl.html
[40] J. Cook, C. McCool, V. Chandran, S. Sridharan, Combined 2D/3D Face Recognition using Log–Gabor Templates,
In: Proceedings of the IEEE International Conference on Video and Signal Based Surveillance (AVSS’06), 2006,
83–83
[41] S. M. Lajevardi, Z. M. Hussain, Facial Expression Recognition Using Log–Gabor Filters and Local Binary Pattern
Operators, In: Proceedings of International Conference on Communication, Computer And Power (Icccp’09), 2009,
349–353
[42] D. Murugan, S. Arumugam, K. Rajalakshmi, Manish, Performance Evaluation of Face Recognition Using Gabor
Filter, Log Gabor filter and Discrete Wavelet Transform, Int. J. Comput. Sci. Inf. Tech. 2, 125–133, 2010
[43] H. W. Kusuma, A. Soeprijanto, Gabor–based Face Recognition with Illumination Variation using Subspace–Linear
Discriminant Analysis, TELKOMNIKA, 10, 119–128, 2012
[44] J. Cook, V. Chandran, S. Sridharan, C. Fookes, Gabor filter bank representation for 3d face recognition, In Proceedings
of IEEE Digital Image Computing: Techniques and ApplicationsDICTA-P 4, 6 December 2005, 4–4
[45] N. Gourier, D. Hall, J. L. Crowley, Estimating Face orientation from Robust Detection of Salient Facial Features,
In: Proceedings of pointing 2004, International Workshop on Visual Observation of Deictic Gestures, Cambridge,
UK, 2004
[46] T. Sim, S. Baker, M. Bsat, The CMU–PIE Database, In: Proceedings of the IEEE International Conference on
Automatic Face and Gesture Identification, 2002
[47] C. Lijie, Singular value decomposition alied to digital image processing, Division of Computing Studies, Arizona
State University Polytechnic Campus, Mesa, Arizona (State University Polytechnic Campus, Arizona, 2006)
[48] D. Zhang, S. Chen, Z. Zhou, A new face recognition method based on SVD perturbation for single example image
per person, Alied Math. Comput. 163, 895–907, 2008
[49] P. Kovesi, Phase preserving deising of images, In: Australian Pattern Recognition Society Conference DICTA, 1999,
212–217
[50] V. K. Vinayadatt, U. B. Desai, Face Recognition Using a DCT-HMM Approach, In: Workshop on Advances in Facial
Image Analysis and Recognition Technology (AFIART), 1998, 226–231
[51] K. Singh, M. Zaveri, M. Raghuwanshi, Recognizing Faces under Varying Poses with Three States Hidden Markov
Model, In: IEEE International Conference on Computer Science and Automation Engineering, TBD Zhangjiajie,
China, 25-27 May 2012, 359–363

148

