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Abstract — This paper presents a novel Gabor-based kernel Principal Component Analysis (PCA)
method by integrating the Gabor wavelet representation of face images and the kernel PCA method
for face recognition. Gabor wavelets first derive desirable facial features characterized by spatial
frequency, spatial locality, and orientation selectivity to cope with the variations due to illumination and facial expression changes. The kernel PCA method is then extended to include fractional
power polynomial models for enhanced face recognition performance. A fractional power polynomial, however, does not necessarily define a kernel function, as it might not define a positive
semi-definite Gram matrix. Note that the sigmoid kernels, one of the three classes of widely used
kernel functions (polynomial kernels, Gaussian kernels, and sigmoid kernels), do not actually define a positive semi-definite Gram matrix, either. Nevertheless, the sigmoid kernels have been
successfully used in practice, such as in building support vector machines. In order to derive real
kernel PCA features, we apply only those kernel PCA eigenvectors that are associated with positive
eigenvalues. The feasibility of the Gabor-based kernel PCA method with fractional power polynomial models has been successfully tested on both frontal and pose-angled face recognition, using
two data sets from the FERET database and the CMU PIE database, respectively. The FERET
data set contains 600 frontal face images of 200 subjects, while the PIE data set consists of 680
images across 5 poses (left and right profiles, left and right half profiles, and frontal view) with 2
different facial expressions (neutral and smiling) of 68 subjects. The effectiveness of the Gaborbased kernel PCA method with fractional power polynomial models is shown in terms of both
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absolute performance indices and comparative performance against the PCA method, the kernel
PCA method with polynomial kernels, the kernel PCA method with fractional power polynomial
models, the Gabor wavelet based PCA method, and the Gabor wavelet based kernel PCA method
with polynomial kernels.

Index Terms — Face recognition, fractional power polynomial models, Gabor wavelet representation, Gabor-based kernel PCA method, kernel Principal Component Analysis (PCA)
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1 Introduction
Face recognition involves computer recognition of personal identity based on geometric or statistical features derived from face images [11], [8], [48], [6], [40]. Even though humans can detect
and identify faces in a scene with little or no effort, building an automated system that accomplishes such objectives is very challenging. The challenges are even more profound when one
considers the large variations in the visual stimulus due to illumination conditions, viewing directions or poses, facial expression, aging, and disguises such as facial hair, glasses or cosmetics. Face
recognition research provides the cutting edge technologies in commercial, law enforcement, and
military applications. An automated vision system that performs the functions of face detection,
verification and recognition will find countless unobtrusive applications, such as airport security
and access control, building (embassy) surveillance and monitoring, human-computer intelligent
interaction and perceptual interfaces, smart environments at home, office, and cars [35], [36], [11],
[8], [40].
This paper presents a novel Gabor-based kernel Principal Component Analysis (PCA) method
by integrating the Gabor wavelet representation of face images and the kernel PCA method for face
recognition. Gabor wavelets [31], [13] first derive desirable facial features characterized by spatial
frequency, spatial locality, and orientation selectivity to cope with the variations due to illumination
and facial expression changes. The kernel PCA method [42] is then extended to include fractional
power polynomial models for enhanced face recognition performance. A fractional power polynomial, however, does not necessarily define a kernel function, as it might not define a positive
semi-definite Gram matrix (see Sect. 3.4). Note that the sigmoid kernels (see Eq. 12), one of the
three classes of widely used kernel functions (polynomial kernels, Gaussian kernels, and sigmoid
kernels), do not actually define a positive semi-definite Gram matrix, either [42]. Nevertheless, the
sigmoid kernels have been successfully used in practice, such as in building support vector machines. In order to derive real kernel PCA features, we apply only those kernel PCA eigenvectors
that are associated with positive eigenvalues.
The feasibility of the Gabor-based kernel PCA method with fractional power polynomial models
has been successfully tested on both frontal and pose-angled face recognition, using two data
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sets from the FERET database [38] and the CMU PIE database [44], respectively. The FERET
data set contains 600 frontal face images of 200 subjects, while the PIE data set consists of 680
images across 5 poses (left and right profiles, left and right half profiles, and frontal view) with 2
different facial expressions (neutral and smiling) of 68 subjects. The effectiveness of the Gaborbased kernel PCA method with fractional power polynomial models is shown in terms of both
absolute performance indices and comparative performance against the PCA method, the kernel
PCA method with polynomial kernels, the kernel PCA method with fractional power polynomial
models, the Gabor wavelet based PCA method, and the Gabor wavelet based kernel PCA method
with polynomial kernels.

2 Background
Robust face recognition schemes require both low dimensional feature representation for data
compression purposes and enhanced discrimination abilities for subsequent image retrieval. The
representation methods usually start with a dimensionality reduction procedure, since the highdimensionality of the original visual space makes the statistical estimation very difficult, if not
impossible, due to the fact that the high-dimensional space is mostly empty. Popular representation methods for face recognition include Principal Component Analysis (PCA) [22], [47], [26],
shape and texture (‘shape-free’ image) of faces [9], [4], [49], [24], [27], and Gabor wavelet representation [12], [31], [23], [50], [28]. The discrimination methods often try to achieve the purpose
of high separability between the different patterns in whose classification one is interested [26],
[25]. Commonly used discrimination methods include Bayes classifier and the MAP rule [33],
[28], Fisher Linear Discriminant (FLD) [46], [3], [17], [27], and more recently kernel PCA method
[43], [42], [51], [32].
Gabor wavelets model quite well the receptive field profiles of cortical simple cells [12], [13].
The Gabor wavelet representation, therefore, captures salient visual properties such as spatial localization, orientation selectivity, spatial frequency characteristic. Lades et al. [23] applied Gabor
wavelets for face recognition using the Dynamic Link Architecture (DLA) framework. The DLA
starts by computing the Gabor jets, and then it performs a flexible template comparison between
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the resulting image decompositions using graph-matching. Wiskott et al. [50] have expanded on
DLA when they developed a Gabor wavelet based elastic bunch graph matching method to label
and recognize human faces. Based on the 2D Gabor wavelet representation and the labeled elastic
graph matching, Lyons et al. [30], [29] proposed an algorithm for two-class categorization of gender, race, and facial expression. Recently, Donato et al. [16] have compared a method based on
Gabor representation with other techniques and found that the former gave better performance.
Kernel PCA overcomes many limitations of its linear counterpart by nonlinearly mapping the
input space to a high-dimensional feature space. Being linear in the feature space, but nonlinear in
the input space, kernel PCA thus is capable of deriving low-dimensional features that incorporate
higher order statistics. The underlying justification of kernel PCA comes from Cover’s theorem
on the separability of patterns, which states that nonlinearly separable patterns in an input space
are linearly separable with high probability if the input space is transformed nonlinearly to a high
dimensional feature space [20]. Computationally, kernel PCA takes advantage of the Mercer equivalence condition and is feasible because the dot products in the high dimensional feature space are
replaced by those in the input space while computation complexity is related to the number of
training examples rather than the dimension of the feature space. Scholkopf et al. [43] showed that
kernel PCA outperforms PCA using an adequate non-linear representation of input data. Yang et
al. [51] compared face recognition performance using kernel PCA and the Eigenfaces method, and
their results showed that the kernel PCA method with a cubic polynomial kernel achieved the lowest error rate. Moghaddam [32] demonstrated that kernel PCA with Gaussian kernels performed
better than PCA for face recognition.

3 Gabor-based Kernel PCA with Fractional Power Polynomial Models for
Face Recognition
This section details the novel Gabor-based kernel PCA method with fractional power polynomial
models for face recognition. First, Gabor wavelet representation of face images derives desirable
features characterized by spatial frequency, spatial locality, and orientation selectivity. Thus these
features should be robust to variations due to illumination and facial expression changes [39], [34],
5

[41]. Second, kernel PCA works on the Gabor wavelet representation and nonlinearly derives lowdimensional features that incorporate higher order statistics. The computationally costly nonlinear
mapping is never implemented explicitly by kernel PCA, which instead applies the kernel trick
to achieve the same goal [42], [10]. Finally, the novel Gabor-based kernel PCA method applies
fractional power polynomial models for face recognition.



  
Gabor wavelets were introduced to image analysis due to their biological relevance and compu-

tational properties [31], [13], [21], [14]. The Gabor wavelets, whose kernels are similar to the 2D
receptive field profiles of the mammalian cortical simple cells, exhibit desirable characteristics of
spatial locality and orientation selectivity, and are optimally localized in the space and frequency
domains.
The Gabor wavelets (kernels, filters) can be defined as follows [12], [31], [23]:

  !#"%$'&)(+*-,

. !

*0/ )
3 465%708 94:;4<=46: ? 7D8 9;EGF 3 > :
1 / 2
: H
:> :
2A@CB
2 I
$L(M"ON PRQS&

where J and K define the orientation and scale of the Gabor kernels,
norm operator, and the wave vector ,

where ,

!V(

,XY=Z[\

!

. !

^(_

, *UT* denotes the

is defined as follows:

,
and ]

(1)

. !V(
,

!

2 @CW

7

(2)

J [a` . ,aXbY=Z is the maximum frequency, and \ is the spacing factor

between kernels in the frequency domain [23].
The Gabor kernels in Eq. 1 are all self-similar since they can be generated from one filter, the
mother wavelet, by scaling and rotation via the wave vector ,

 !

. Each kernel is a product of a

Gaussian envelope and a complex plane wave, while the first term in the square brackets in Eq. 1
determines the oscillatory part of the kernel and the second term compensates for the DC value.
The effect of the DC term becomes negligible when the parameter 1 , which determines the ratio of
the Gaussian window width to wavelength, has sufficiently large values. In most cases one would
use Gabor wavelets of five different scales, Kdcfe.g
[18], [21], [7].
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The Gabor wavelet representation of an image is the convolution of the image with a family

of Gabor kernels as defined by Eq. 1. Let y
convolution of image y and a Gabor kernel
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To encompass different spatial frequencies (scales), spatial localities, and orientation selectivities, we concatenate all these representation results and derive an augmented feature vector  .
Before the concatenation, we first downsample each
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by a factor  to reduce the space

dimension, and normalize it to zero mean and unit variance. We then construct a vector out of
the
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denote the normalized vector

(downsampled by  and normalized to zero mean and unit variance), the

augmented Gabor feature vector 
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where  is the transpose operator. The augmented Gabor feature vector thus encompasses all the
elements (downsampled and normalized) of the Gabor wavelet representation set, 
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Principal Component Analysis (PCA), a powerful technique for reducing a large set of corre-

lated variables to a smaller number of uncorrelated components, has been applied extensively for
both face representation and recognition. Kirby and Sirovich [22] showed that any particular face
can be economically represented along the eigenpictures coordinate space, and that any face can be
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approximately reconstructed by using just a small collection of eigenpictures and the corresponding projections. Applying PCA technique to face recognition, Turk and Pentland [47] developed
a well-known Eigenfaces method, where the eigenfaces correspond to the eigenvectors associated
with the largest eigenvalues of the face covariance matrix. The eigenfaces thus define a feature
space, or “face space”, which drastically reduces the dimensionality of the original space, and face
detection and recognition are then carried out in the reduced space. Based on PCA, a host of face
recognition methods have been developed to improve classification accuracy and generalization
performance [23], [46], [3], [17], [50], [26], [28].
The PCA technique, however, encodes only for 2nd order statistics, namely, the variances and
the covariances. As these 2nd order statistics provide only partial information on the statistics of
both natural images and human faces, it might become necessary to incorporate higher order statistics as well. Towards that end, PCA is extended to a nonlinear form by mapping nonlinearly the input space to a feature space, where PCA is ultimately implemented. Due to the nonlinear mapping
between the input space and the feature space, this form of PCA is nonlinear, and naturally called
nonlinear PCA [20]. Applying different mappings, nonlinear PCA can encode arbitrary higherorder correlations among the input variables. The underlying justification of nonlinear PCA comes
from Cover’s theorem on the separability of patterns, which states that nonlinearly separable patterns in an input space are linearly separable with high probability if the input space is transformed
nonlinearly to a high dimensional feature space [20]. While the Hebbian networks, the replicator
networks, and the principal curves are all capable of implementing nonlinear PCA, kernel PCA
enjoys simple implementation by means of kernel functions [15], [43]. The nonlinear mapping
between the input space and the feature space, with a possibly prohibitive computational cost, is
never implemented explicitly by kernel PCA [43]. Rather, kernel PCA applies kernel functions in
the input space to achieve the same effect of the expensive nonlinear mapping. Specifically, kernel
PCA takes advantage of the Mercer equivalence condition and is feasible because the dot products
in the high dimensional feature space are replaced by those in the input space while computation
is related to the number of training exemplars rather than the dimension of the feature space.
Let 
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between the input space and the feature space: ¦

£ ¥¨§

© . Note that for kernel PCA, the
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¢²±¢ is an orthogonal eigenvector matrix, ¼ÀcÌ£ ²
¢ ±¢ a diagonal eigenvalue matrix
0Í
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The kernel matrix (see Eq. 5) and the kernel PCA features (see Eq. 8) are both defined on

dot products in the high dimensional feature space, whose computation might be prohibitively
expensive. Kernel PCA, however, manages to compute the dot products by means of a kernel
function [43], [42]:
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This section first reviews the concept of Gram matrix and a sufficient and necessary condition for a
symmetric function to be a kernel function [42], [10], and then presents kernel PCA with fractional
power polynomial models.
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Definition 2 Kernel Function: A sufficient and necessary condition for a symmetric function to be
a kernel function is that its Gram matrix is positive semi-definite.
Three classes of kernel functions widely used in kernel classifiers, neural networks, and support
vector machines are polynomial kernels, Gaussian kernels, and sigmoid kernels [42]:
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Note that the sigmoid kernels (see Eq. 12) do not actually define a positive semi-definite Gram
matrix, hence are not kernel functions by definition (see Definition 2). Nevertheless, the sigmoid
kernels have been successfully used in practice, such as in building support vector machines [42].
In this paper, we extend the polynomial kernels defined by Eq. 10 to include fractional power
polynomial models, namely, g

ôµÅôMÏ

. In order to derive real kernel PCA features (Eq. 8), we

apply only those kernel PCA eigenvectors that are associated with positive eigenvalues.

põ

ö÷x6Ýøx6 Ax;ÜÙß° sAa wtàd¡#0xùíÚ.'Axwúu st
The Gabor-based kernel PCA method integrates the Gabor wavelet representation of face images

and kernel PCA with fractional power polynomial models for face recognition. When a face image
is presented to the Gabor-based kernel PCA classifier, the augmented Gabor feature vector of the
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image is first
Ò calculated as detailed in Sect. 3.2, and the low-dimensional Gabor-based kernel PCA
features,
Let û

, are derived using Eq. 8.

 P

,

B

(¤ÏP0Ñ PihihihPDü

, be the mean of the training samples for class ý

. The classifier applies,

B

then, the nearest neighbor (to the mean) rule for classification using some similarity (distance)
measure þ :

þ

"

Ò
P

û

 &)(Àÿ
B

³

Òþ

"

The Gabor-based kernel PCA feature vector,
mean, û


B

lanobis distance measure, þ-¢
respectively:

û

Ò

&
³

F §

cÞý

üÛ

(13)

B

, is classified as belonging to the class of the closest

 , ü
è , and cosine similarity measure, þ
distance measure, þ

" P^&Ã(
þ 



F

@
^& "

@
F
þ 

 
:
"è P^&I(µ" F ^& 3 
þA¢ 


F  
" P^&Ã(

þ 
*  *)*
"



P

, using the similarity measure þ .

Popular similarity measures include

where

Ò

, which are defined as follows,

 

(14)

@
F ^&

(15)

 &
^
 F

(16)

P^&I(µ"

"

/ distance measure, þ : , Maha-

*

(17)

is the covariance matrix, and *TÇ* denotes the norm operator. Note that the cosine similarity

measure includes a minus sign in Eq. 17, because the nearest neighbor (to the mean) rule of Eq. 13
applies minimum (distance) measure rather than maximum similarity measure.

4 Experiments of Frontal and Pose-angled Face Recognition
This section assesses the performance of the Gabor-based kernel PCA method with fractional
power polynomial models for both frontal and pose-angled face recognition. For frontal face recognition, the data set is from the FERET database [38], and it contains 600 frontal face images
corresponding to 200 subjects. The images are acquired under variable illumination and facial
expression. For pose-angled face recognition, the data set is from the PIE database [44], and it
contains 680 images across 5 poses with 2 different facial expressions (neutral and smiling) of 68
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subjects. The effectiveness of the Gabor-based kernel PCA method with fractional power polynomial models is shown in terms of both absolute performance indices and comparative performance
against the PCA method, the kernel PCA method with polynomial kernels, the kernel PCA method
with fractional power polynomial models, the Gabor wavelet based PCA method, and the Gabor
wavelet based kernel PCA method with polynomial kernels.

Õt

qASwS-  qt#Ú.²uraÚ.Swáx-xSwºÛ%SiÝ  wtÚ.b-Øt  #¸Ät 0àÙaAwt¸Îß°.AØÉà
×x-ØÙqA#Ú -xwI}×arÛjÜwtÝÞx bß°Éàáa
The FacE REcognition Technology (FERET) facial database [38] displays diversity across gen-

der, ethnicity, and age. Since images are acquired during different photo sessions, the illumination
condition, facial expression, and the size of the face may vary. The FERET database has become
the de facto standard for evaluating face recognition technologies. The data set used in our experiments consists of 600 FERET frontal face images corresponding to 200 subjects, such that each
subject has 3 images of size 256 ä 384 with 256 gray scale levels. Data preparation then normalizes the face images and extracts facial regions that contain only face, so that the performance of
face recognition is not affected by the factors not related to face, such as hair styles. Specifically,
the normalization consists of the following procedures: first, manual annotation detects the centers
of the eyes; second, rotation and scaling transformations align the centers of the eyes to predefined
locations and fixed interocular distance; finally, a subimage procedure crops the face image to the
size of 128 ä 128 to extract the facial region.
Fig. 1 shows some example FERET images used in our experiments that are already cropped to
the size of 128 ä 128 to extract the facial region. Note that each subject has three images, which are
acquired during different photo sessions under variable illumination and facial expression. As two
images for each subject are randomly chosen for training and the remaining image (unseen during
training) is used for testing (see Fig. 1), the training set includes 400 images while the testing set
has 200 images. The Gabor-based kernel PCA method thus has to cope with both illumination and
facial expression variability.
For comparison purpose, the first set of experiments implements the kernel PCA method using
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a polynomial kernel with degree one, i.e. ,

"âIP;ãb& (
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. This special case of kernel PCA is

equivalent to PCA [42]. Fig. 2 shows face recognition performance of the kernel PCA method
using the four different similarity measures: the

üÛ

ü

distance measure, the / distance measure, the
Mahalanobis distance measure, and the cosine similarity measure. The horizontal axis indicates
the number of features used, and the vertical axis represents the correct face recognition rate, which
is the rate that the top response is correct (in the correct class). The Mahalanobis distance measure
performs the best, followed in order by the

üÛ

ü

distance measure, the / distance measure, and the
cosine similarity measure. The reason for such an ordering is that the Mahalanobis distance mea-
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and / distance measures in the PCA space weight preferentially
for low frequencies. These results are consistent with those reported by Moghaddam and Pentland

sure counteracts the fact that

[33] and Sung and Poggio [45]. As the

ü

/ distance measure weights more the low frequencies
ü 
üÛ
ü
does, the
distance measure should perform better than the / distance measure, a conthan

jecture validated by our experiments. The cosine similarity measure does not compensate the low
frequency preference, and it performs the worst among all the measures. The experimental results
provide a baseline face recognition performance based on the intensity images, and suggest that
one should use the Mahalanobis distance measure for the following comparative assessment of
different face recognition methods.
The second set of experiments assesses face recognition performance of the kernel PCA method
with polynomial kernels, ,
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cºò . Fig. 3 shows face recognition performance of

the kernel PCA method with four different degrees of polynomial kernels using the Mahalanobis
distance measure:
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method performs the best, followed in order by the second order polynomial (
method, the third order polynomial (
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) kernel PCA
) kernel PCA

) kernel PCA method, and the forth order polynomial

) kernel PCA method. Note that the first order polynomial kernel PCA method is equivalent

to the PCA method [42], hence the results show that the PCA method performs better than the
kernel PCA method with the second, the third, or the fourth order polynomial kernel. Fig. 3
also shows that among the four different degrees of polynomial kernels, the lower the degree is
the better the kernel PCA method performs. It thus seems natural that the kernel PCA method
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should be extended to include some fractional power polynomials, whose degrees are even lower
than one, i.e. g

ô Å ôÏ

, in order to achieve better face recognition performance. A fractional

power polynomial, however, is not necessarily a kernel, as it might not define a positive semidefinite Gram matrix as detailed in Sect. 3.4. Thus the fractional power polynomials are called
models rather than kernels in this paper. Note that the sigmoid kernels (see Eq. 12), one of the
three classes of widely used kernel functions, do not actually define a positive semi-definite Gram
matrix, either [42]. Nevertheless, the sigmoid kernels have been successfully used in practice, such
as in building support vector machines. In this paper, we extend the polynomial kernels defined
by Eq. 10 to include fractional power polynomial models, namely, g

ô ÅºôµÏ

. In order to derive

real kernel PCA features, we apply only those kernel PCA eigenvectors that are associated with
positive eigenvalues.
The third set of experiments evaluates the kernel PCA method with fractional power polynomial
models, ,
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. Fig. 4 shows face recognition performance of the ker-

nel PCA method with three fractional power polynomial models using the Mahalanobis distance
measure: Md 0.6 (
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), and Md 0.8 (
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h
g ` ). The top three curves cor-

respond to the face recognition performance of the kernel PCA method with these three different
fractional power polynomial models. The bottom curve is the face recognition performance of the
kernel PCA method with the kernel function ,
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. Fig. 4 and Fig. 3 show that the

kernel PCA method with fractional power polynomial models performs better than the kernel PCA
method with polynomial kernels.
To further improve face recognition performance, we combine the Gabor wavelet representation
and the kernel PCA method. In particular, the fourth set of experiments implements the Gabor
wavelet based kernel PCA method with polynomial kernels, ,
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cfò . Fig. 5

shows face recognition performance of the Gabor wavelet based kernel PCA method with four
different degrees of polynomial kernels using the Mahalanobis distance measure:
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,

. In comparison, Fig. 5 and Fig. 3 show that the Gabor wavelet based kernel

PCA method performs better than the kernel PCA method by large margins. Fig. 5 also shows that
the face recognition performance of the Gabor wavelet based kernel PCA method decreases as the
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degree of the polynomial kernel increases, a result consistent with the one derived by the kernel
PCA method with polynomial kernels (see Fig. 3).
The next set of experiments assesses face recognition performance of the Gabor-based kernel
PCA method with fractional power polynomial models, ,
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. Fig. 6 shows

face recognition performance of the Gabor wavelet based kernel PCA method with a fractional
power polynomial model using the Mahalanobis distance measure: Md Gabor 0.6 (
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Note that the performance curves of the kernel PCA method (Md 1) and the Gabor wavelet based
kernel PCA method (Md Gabor 1), with the kernel function ,
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, are also included

for comparison. The experimental results show that the Gabor-based kernel PCA method with
fractional power polynomial models performs better than the Gabor wavelet based kernel PCA
method with polynomial kernels, followed by the kernel PCA method with polynomial kernels. In
particular, the Gabor-based kernel PCA method with a fractional power polynomial model (

g

h

Õtpo

Å(

) achieves 99.5% correct face recognition accuracy using 246 features.
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The CMU Pose, Illumination, and Expression (PIE) database [44] contains over 40,000 facial
images of 68 people. The images are acquired across different poses, under variable illumination
conditions, and with different facial expressions [44]. The data set used in our experiments consists
of 680 images across 5 pose classes (left and right profiles, left and right half profiles, and frontal
view) with 2 different facial expressions (neutral and smiling) of the 68 subjects, such that each
subject has 10 images of size 640 ä 486 with 256 gray scale levels. For each subject, one of the two
facial expressions is randomly chosen for training, with the remaining one for testing. The training
set thus contains 340 images across 5 different poses, such that each pose class has 68 images
corresponding to the 68 different subjects. The testing set contains the remaining 340 images with
each pose having 68 images of the 68 subjects, respectively. Data preparation then normalizes the
face images and extracts facial regions that contain only face. Fig. 7 shows some example PIE face
images used in our experiments that are already cropped to the size of 128 ä 128 to extract the
15

facial region. In particular, the top row shows images used in training and the bottom row shows
images for testing. In each row, there are 5 images corresponding to the 5 different poses: the right
profile, the right half profile, the frontal view, the left half profile, and the left profile.
There are two major approaches to address pose-angled face recognition: 3D model-based methods and 2D view-based methods. 3D model-based face recognition methods account for variations
in pose by applying 3D models either derived from laser-scanned 3D heads (range data) or reconstructed from 2D images [1], [19], [5]. 2D view-based face recognition methods identify the pose
parameter by classifying face images into different pose classes, such as the parametric manifold
formed by different views [2] and the multiple view-based and modular eigenspaces [37].
Our 2D view-based pose-angled face recognition method consists of two major procedures,
namely the pose classification procedure and the face recognition procedure, which are carried out
sequentially. The pose classification procedure, which applies a nearest neighbor (to the mean)
classifier using the cosine similarity measure, works in a low-dimensional PCA space. The face
recognition procedure, which applies the Gabor-based kernel PCA method with fractional power
polynomial models, operates in each individual pose class. Fig. 8 shows the system architecture
of our pose-angled face recognition method. The top face image is a test image and NNC denotes
a nearest neighbor to the mean classifier. The five images in the middle are the mean faces of
the five pose classes derived from the training data, while the Gabor-based kernel PCA method
with fractional power polynomial (FPP) models is the classifier for face recognition within each
individual face class. The bottom face images are the training images in the pose class (the left
half profile pose class). Note that the bold lines indicate the face recognition process across pose:
when a test face image is presented to the classifier, the pose classification procedure first assigns
it to the left half profile pose class using a nearest neighbor to the mean classifier (NNC), the face
recognition procedure then matches this unknown test image to a training face within the pose
class using the Gabor-based kernel PCA method with fractional power polynomial models.
Pose classification, which applies a nearest neighbor (to the mean) classifier, is assessed using

üÛ

ü

distance measure, the / distance measure, and the cosine
similarity measure, as defined in Sect. 3.5. Fig. 9 shows pose classification results using the cosine,
3 different similarity measures: the
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the

üÛ

ü

, and the / similarity measure, where the means of the five pose classes are derived from
the training data. The horizontal axis indicates the number of features used by the classifier, and

the vertical axis the correct pose classification rate, which is the rate that the top response is the
correct pose. The top curve shows face pose classification performance using the cosine similarity
measure, followed by the two curves corresponding to the

üÛ

ü

and the / distance measure, respectively. In particular, face pose classification reaches 99.7% accuracy using only 23 features for the
cosine similarity measure (the curves are drawn using an incremental step of 2, which show that
the 99.7% accuracy occurs at 24 features). These experimental results show that the cosine similarity measure is most effective for pose classification. The reason for this finding is largely due
to the different scales in the five pose classes. The

üÛ

ü

and the / distance measures are affected
considerably by these different scales, as they involve the magnitude of two vectors (see Eqs. 14

and 15). The cosine similarity measure, however, calculates the angle between two vectors, and is
not affected by their magnitudes (see Eq. 17), hence it performs better than either

üÛ

ü

or / distance

measure for face pose classification.
Fig. 10 shows the pose-angled face recognition performance of the Gabor-based kernel PCA
method with four polynomial kernels of degree 1 (Md Gabor 1), degree 2 (Md Gabor 2), degree 3 (Md Gabor 3), and degree 4 (Md Gabor 4), respectively, and the Gabor-based kernel PCA
method with two fractional power polynomial models of degree 0.6 (Md Gabor 0.6) and degree
0.7 (Md Gabor 0.7), respectively, using the Mahalanobis distance measure. The experimental results evaluate and validate the feasibility of the Gabor-based kernel PCA method with fractional
power polynomial models for pose-angled face recognition. Specifically, the Gabor-based kernel
PCA method with fractional power polynomial models achieves the best face recognition performance across pose, followed in order by the kernel PCA method with polynomial kernels of
degree 1, degree 2, degree 3, and degree 4, respectively. In particular, the Gabor-based kernel PCA
method with a fractional power polynomial model of degree 0.7 achieves 95.3% pose-angled face
recognition accuracy using 64 features.
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5 Conclusions
This paper introduces a novel Gabor-based kernel PCA method with fractional power polynomial models for frontal and pose-angled face recognition. Gabor wavelets first derive desirable facial features characterized by spatial frequency, spatial locality, and orientation selectivity to cope
with the variations due to illumination and facial expression changes. The kernel PCA method is
then extended to include fractional power polynomial models for enhanced face recognition performance. The feasibility of the Gabor-based kernel PCA method with fractional power polynomial
models has been successfully tested on both frontal and pose-angled face recognition, using two
data sets from the FERET database and the CMU PIE database, respectively. The FERET data set
contains 600 frontal face images of 200 subjects, while the PIE data set consists of 680 images
across 5 poses (left and right profiles, left and right half profiles, and frontal view) with 2 different
facial expressions (neutral and smiling) of 68 subjects. Experimental results show the effectiveness
of the Gabor-based kernel PCA method with fractional power polynomial models for both frontal
and pose-angled face recognition.
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