
Pseudo-Gabor wavelet for face
recognition

Xudong Xie
Wentao Liu
Kin-Man Lam

Downloaded From: http://electronicimaging.spiedigitallibrary.org/ on 06/26/2013 Terms of Use: http://spiedl.org/terms
Downloaded From: https://www.spiedigitallibrary.org/journals/Journal-of-Electronic-Imaging on 11/28/2018
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



Pseudo-Gabor wavelet for face recognition

Xudong Xie
Wentao Liu

Tsinghua University
Department of Automation

Haidian District
Beijing 100084, China

E-mail: liu.wen.tao90@gmail.com

Kin-Man Lam
The Hong Kong Polytechnic University

Department of EIE
Hong Kong, China

Abstract. An efficient face-recognition algorithm is proposed, which
not only possesses the advantages of linear subspace analysis
approaches—such as low computational complexity—but also has
the advantage of a high recognition performance with the wavelet-
based algorithms. Based on the linearity of Gabor-wavelet transfor-
mation and some basic assumptions on face images, we can extract
pseudo-Gabor features from the face images without performing any
complex Gabor-wavelet transformations. The computational com-
plexity can therefore be reduced while a high recognition performance
is still maintained by using the principal component analysis (PCA)
method. The proposed algorithm is evaluated based on the Yale data-
base, the Caltech database, the ORL database, the AR database, and
the Facial Recognition Technology database, and is compared with
several different face recognition methods such as PCA, Gabor
wavelets plus PCA, kernel PCA, locality preserving projection, and
dual-tree complex wavelet transformation plus PCA. Experiments
show that consistent and promising results are obtained. © 2013
SPIE and IS&T [DOI: 10.1117/1.JEI.22.2.023029]

1 Introduction
Face recognition has a variety of applications1–3 such as
information security, criminal identification, digital rights
management, and scene surveillance, etc. During the last two
decades, much research has focused on this area. However,
there seems to be an inverse relationship between the recog-
nition precision and the runtime of a method, e.g., a method
which can achieve a higher recognition performance usually
becomes more computationally intensive.4,5 Due to the fact
that large-scale face image databases are required in some
applications, the challenge to maintain a high recognition
rate, while keeping a low computational complexity, has
become increasingly important.

Linear subspace analysis (LSA), which considers a
feature space as a linear combination of a set of bases,
has been widely used in face-recognition applications.
This is mainly due to its effectiveness and computational

efficiency for feature extraction and representation.
Principal component analysis (PCA)6 is one of the most
popular techniques. It generates a set of orthonormal
bases that capture the maximum variance in the training
data, and the PCA coefficients in the subspace are uncorre-
lated. Linear discriminant analysis (LDA)7 is another estab-
lished linear feature-extraction method, which seeks to find a
linear transformation that maximizes the between-class scat-
ter and minimizes the within-class scatter. LDA can preserve
the discriminating information, and is suitable for recogni-
tion. These linear features consider classification information
via a statistic model and have low computational costs.
However, these linear approaches are not robust to global
illumination variations and local variations caused by facial
expressions and different poses.8 These variations will under-
mine the intrinsic linearity among facial images.

In order to tackle these variations, there are two main
kinds of technologies developed; namely, manifold-based
algorithms and wavelet domain analysis. Manifold-based
algorithms, including Isomap,9 locally linear embedding
(LLE),10 and Laplacian embedding,11 employ the advantages
of a graphical model to capture global nonlinearity using
local linearity. Laplacianface12 is based on locality preserv-
ing projections (LPP), which finds an embedding that pre-
serves local information, and obtains a face subspace that
best detects the essential face-manifold structure. Compared
with linear-feature-based algorithms, manifold-based meth-
ods are less sensitive to local variations.13,14

On the other hand, wavelet-based algorithms have also
been proposed to handle the effects caused by illumination
variations and variable viewing directions. Gabor-wavelet
features are the most prevalent wavelet domain features
for face recognition, due to their excellent characteristics
of spatial locality, orientation selectivity, and spatial fre-
quency.4,5,15 Despite the outstanding performances of the
Gabor-based approaches, the issue of their computational
complexity has not been discussed in most of the literature.16

In the Gabor-based approaches, both the extraction and the
comparison of Gabor features require great computational
costs, due to the high dimensions of the feature vectors.
To the best of our knowledge, only a few algorithms have
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been proposed to speed up the Gabor-based algorithms.17,18

Most recently, Choi et al.19 proposed an incremental binary-
Gabor-based method for social networking services (SNS),
whose computational complexity seems low. Although these
algorithms provide some solutions to reduce the required
computational complexity, they are still required to directly
transform query face images to the wavelet domain. It is
because of these transformation operations that the wave-
let-based methods are computationally expensive.

In this paper, we propose an efficient face recognition
algorithm which not only possesses the advantage of attain-
ing the high recognition performance of the Gabor-based
algorithms, but also avoids those greatly time-consuming
transformation operations. First, we will provide a math-
ematical proof of the “invariant-linear-representation” prop-
erty in the Gabor-wavelet domain, i.e., the Gabor-wavelet
transformation does not change the form of linear represen-
tation in the face image domain. Second, we exploit the use
of this invariant property to estimate the pseudo-Gabor-
wavelet features, which are used as facial features for recog-
nition. Here, the term “pseudo” means that the extracted fea-
tures are not real Gabor-wavelet features computed from the
Gabor-wavelet transformations but are estimated via a linear
reconstruction. To be specific, the “invariant-linear-represen-
tation” property is utilized as a bridge to construct the local
structure in the Gabor-wavelet domain according to that in
the face-image domain, and the pseudo-Gabor-wavelet fea-
tures of a face image can be reconstructed based on those
training samples in the neighborhood of the face image.
Finally, the extracted features are used for face recognition.
In our algorithm, all the computations in the testing proce-
dures are performed in the image domain, and hence, no
great time-consuming Gabor-transforming operations are
required. This results in a low computational requirement.
Although the reconstructed pseudo-Gabor-wavelet features
in terms of being discriminative and robust are not better
than the real Gabor-wavelet features (as shown by experi-
ments), the computational cost is much lower and the recon-
structed features are very similar to the real ones. Therefore,
our proposed method can achieve a successful balance
between a high recognition rate and a low computational
complexity.

The contributions of this work are threefold.
First, we prove that, after the Gabor-wavelet transforma-

tion, the local linear structures of images do not change. This
property implies that a testing image can be linearly repre-
sented by using training images, which are in the neighbor-
hood of the testing image in the Gabor-wavelet domain in
the same way as in the original image domain. Second, we
present a method based on the abovementioned property
to estimate the pseudo-Gabor-wavelet features of testing
images without any direct wavelet transformations. Third,
we propose an efficient algorithm for face recognition,
where the extracted pseudo-Gabor features are used for
face recognition. Based on PCA, its computational complex-
ity can be further reduced.

This paper is organized as follows. Methods related to our
approach, such as Gabor wavelets, LPP, and PCA, are briefly
introduced in Sec. 2. Section 3 demonstrates the character-
istics of the neighborhood of an image and the corresponding
neighborhood in the Gabor-wavelet domain. In Sec. 4, our
face recognition algorithm based on the pseudo-Gabor

features is presented. Experimental results are given in
Sec. 5, where the performances of our proposed algorithm
are compared with other face recognition algorithms based
on the Yale database,20 the Caltech database,21 the ORL data-
base,22 the AR database,23 and the Facial Recognition
Technology (FERET) database.24 Finally, conclusions are
given in Sec. 6.

2 Background
In this section, we will briefly introduce the techniques
which are related to our approach, i.e., PCA, LPP, and
Gabor wavelets.

2.1 Principal Component Analysis
PCA is a classic method, which has been widely used for
face representation and recognition. This method searches
for an optimal set of projection bases that are orthogonal
and that maximize the global scatter of the training samples.
Suppose that there is a set of centered n-dimensional training
samples f iði ¼ 1; 2; : : : ;MÞ such that

P
M
i¼1 f i ¼ ~0. The

covariance matrix S can be derived as

S ¼ 1

M

XM
i¼1

f ifTi : (1)

Let ϕ ∈ Rn×m represent the projection matrix that maps
the original n-dimensional images onto an m-dimensional
feature subspace, where m < n. The columns of ϕ can be
computed from the following eigenvector problem:

λv ¼ Sv; (2)

where v is the eigenvectors of S and λ, where λv is the cor-
responding eigenvalue. The new feature vectors yi ∈ Rm can
be obtained by

yi ¼ ϕTf i: (3)

Furthermore, kernel PCA (KPCA)25 is another classical
method, which aims to extract high-dimensional nonlinear
features in the low-dimensional image space.

2.2 Locality Preserving Projection
LPP is an extension of the spectral graph theory, which uses
local information to infer the complete manifold structure. It
can be viewed as a weighted, undirected graph G with a sym-
metrical weight Eij at the edge between nodes i and j. The
value of Eij represents the degree of affinity between the two
nodes. When Eij ¼ 0, it means that there is no direct connec-
tion between the two nodes. In the traditional spectral-graphic
theory, there are two ways to determine the value for Eij:

Un-weighted graph:

Eij ¼
�
1 if dði; jÞ < ε
0 otherwise

: (4)

Weighted graph:

Eij ¼
�
eð−d2ði;jÞ∕tÞ if dði; jÞ < ε
0 otherwise

; (5)

where Eij is symmetrical and based on a distance metric d
(which can be the Euclidean distance or one of the others).
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The parameter t in Eq. (5) is preset to control the weights to
simulate different types of manifolds. The definition of the
Laplacian matrix L for an image is then given as follows:

L ¼ D − E; (6)

where D ¼ diagðPjEijÞ is called the degree matrix in the
spectral-graph theory. Then, in LPP, a linear projection is
used to preserve the manifold structure in the Euclidean
space. The LPP can be expressed as follows:

FLFTϕ ¼ λFDFTϕ; (7)

where ϕ are the projection vectors with the smallest eigen-
values, used to extract nonlinear features from the manifold,
and F ¼ ½f1; : : : ; fM� is a data matrix.

2.3 Gabor Feature Representation
The kernels of the Gabor wavelet (GW) are similar to the
response of the two-dimensional receptive field profiles of
the mammalian simple cortical cell.26 In the spatial domain,
a Gabor wavelet is a complex exponential modulated by a
Gaussian function, which is defined as follows:

ψω;θðx; yÞ ¼
1

2πσ2
e−

ðx cos θþy sin θÞ2þð−x sin θþy cos θÞ2
2σ2

·
h
eiðωx cos θþωy sin θÞ − e−

ω2σ2

2

i
; (8)

where x and y denote the pixel position, ω is the center fre-
quency, θ represents the orientation of the Gabor wavelet,
and σ denotes the standard deviation of the Gaussian func-
tion. Given an image Fðx; yÞ, GW features are extracted by
convolving Fðx; yÞ with ψω;θðx; yÞ as follows:

Wω;θðx; yÞ ¼ Fðx; yÞ ⊗ ψω;θðx; yÞ; (9)

where ⊗ denotes the convolution operator. Concatenating
the convolution outputs, we can produce a one-dimensional
Gabor representation of the input image, which is denoted by

Wω;θ ¼ ½Wω;θð0; 0Þ;Wω;θð0; 1Þ; : : : ;Wω;θð0; Nr − 1Þ;
Wω;θð1; 0Þ; : : : ;Wω;θðNc − 1; Nr − 1Þ�T;

(10)

whereNc andNr denote the numbers of columns and rows in
the given image, respectively. Then all of these representa-
tions are normalized to have zero mean and unit variance (for
convenience, we also denote this as Wω;θ), and are concat-
enated to derive the augmented GW feature vectorW, which
is defined as follows:

W ¼ ½WT
ω1;θ1

;WT
ω2;θ1

; : : : ;WT
ωm;θn

�T; (11)

where m and n are the number of center frequencies and
orientations used, respectively.

3 Local Structure in the Wavelet Domain

3.1 Neighborhood Construction in the Wavelet
Domain

As in LPP, each face is represented by a node in the graph,
and each node is connected with its nearest k neighbors.
According to Eq. (4), we can construct an unweighted
graph denoted as fF; Eg, where F and E represent the nodes
in the image graph and the edge connections, respectively.
For any image node Fi in the graph, we define the neighbor-
hood of Fi, denoted as SFi, all the nodes directly connected
with Fi, i.e.,

SFi ¼ fjjEðFi; FjÞ ¼ 1g: (12)

After applying the wavelet transformation to each node
(i.e., each image) in the image graph, we can construct a cor-
responding unweighted graph (called the wavelet graph) in
the transformed domain as shown in Fig. 1. Use W to re-
present the nodes in the wavelet domain. The distance
between the two nodes in the wavelet domain can be com-
puted as follows:

dðWi;WjÞ ¼ kWi −Wjk ¼ kFi ⊗ ψ − Fj ⊗ ψk
¼ kðFi − FjÞ ⊗ ψk; (13)

where fFig and fFjg are the corresponding nodes in the
image domain of the nodes fWig and fWjg in the wavelet
domain, respectively, and ψ is a wavelet kernel function.
Here we should note that the wavelet kernel ψ is a constant
function, and does not change with different input images. In
other words, once the face graph in the image domain is con-
structed, and ψ is selected, the wavelet graph is also deter-
mined. The wavelet graph can be denoted as fW;E 0g, where
W represents the face nodes in the wavelet domain and E 0
denotes the edge connections. Similar to the image graph
fF; Eg, the connections in the wavelet graph are determined
as follows:

E 0ðWi;WjÞ ¼
�
1 dðWi;WjÞ ≤ δi
0 otherwise

; (14)

where

δi ¼ sup
fjjEðFi;FjÞ¼1g

k½Fiðx; yÞ − Fjðx; yÞ� ⊗ ψk; (15)

Fig. 1 Graph construction in the wavelet domain, where αi and βi are
the coefficients to represent the linearity among connected nodes in
the image graph and the wavelet graph, respectively.
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where the operator “sup” means the supremum of the set.
Thus, the definition of the counterpart of SFi in the wavelet
graph, i.e., the neighborhood of Wi, denoted by SWi, is
shown below:

SWi ¼ fjjE 0ðWi;WjÞ ¼ 1g: (16)

3.2 Invariant Local-Structure Property
In this section, we will prove two properties of the wavelet
transformation for the face and the wavelet graphs. With
these two properties, we can conclude that the neighbor-
hoods of nodes in the two graphs remain almost unchanged
when the images are transformed from the image domain to
the wavelet domain. In other words, the local structure of the
face graph is nearly invariant to wavelet transformation.

Property 1: Neighbor Preserving Property
Assume that Fi is a node in the face graph, and SFi is the

node’s neighborhood, which contain all the nodes connected
to Fi in the image graph. Similarly, its corresponding node in
the wavelet graph is denoted asWi, and the neighborhood of
Wi is denoted as SWi. For any point j ∈ SFi, from Eqs. (13)
and (15), we can obtain

dðWi;WjÞ ¼ kðFi − FjÞ ⊗ ψk
< δi ¼ sup

j∈SFi

kðFi − FjÞ ⊗ ψk: (17)

According to Eq. (14), we have E 0ðWi;WjÞ ¼ 1.
Therefore, we can conclude that j ∈ SWi from the definition
in Eq. (16). Consequentially, SFi ⊆ SWi.

This property shows that all the connections in the face
image graph are preserved in the wavelet graph, and the
neighbors of a node Fi before wavelet transformation must
also be the neighbors of Wi after wavelet transformation.

Property 2: Local Linearity Preserving Property
In the image graph, a basic assumption is that there exists

locally linear relationships for each node and its neighbors,
which is shown as follows:10

Fi ¼
X

EðFi;FjÞ¼1

αjFj; (18)

where α denotes the coefficients to represent the local
linearity among neighboring nodes in the image graph. After
wavelet transform, we have

Wi ¼ Fi ⊗ ψ ¼
�X

j∈SFi

αjFj

�
⊗ ψ

¼
X
j∈SFi

αjðFj ⊗ ψÞ ¼
X
j∈SFi

αjWj:
(19)

Since SFi ⊆ SWi, the complement set of SFi is defined as
follows:

SCi ¼ SWi − SFi: (20)

In most cases, it is reasonable to assume SC ¼ ∅ approx-
imately, since the training samples in our experiment can be

considered very sparse in the high-dimensional wavelet
domain. Hence, we can say that

X
j∈SWi

αjWj ¼
X
j∈SFi

αjWj þ
X
j∈SCi

αjWj ¼
X
j∈SFi

αjWj: (21)

Substituting Eq. (21) into Eq. (19), we have

Wi ¼
X
j∈SWi

αjWj: (22)

As we can see from Eqs. (18) and (22), the local linearity
of the neighborhood in the image graph is inherited by the
wavelet graph. In other words, the local linear relationships
between the nodes and their neighbors in the wavelet domain
remain the same as those in the image domain.

According to the properties we have proved above—i.e.,
the neighboring relationships in the image graph are all
preserved in the corresponding wavelet graph, as are the
local linear relationships—we can conclude that the wavelet
graph owns the same local structure as the image graph.
The invariance in terms of local structure can be used to
construct pseudo-wavelet features with a low computational
complexity.

4 Pseudo-Gabor-Wavelet Feature for Face
Recognition

4.1 Pseudo-Gabor-Wavelet Feature
For a real face-recognition application, assume that we
have a set of training images, i.e., F1; F2; : : : FM, where
M is the number of training images. Then, the face-image
graph fF; Eg and the corresponding Gabor-wavelet graph
fW;E 0g can be constructed. Because the Gabor-wavelet fea-
ture extraction and comparison are the most time-consuming
operations, the question is whether we can obtain the Gabor-
wavelet features of a query image without performing the
wavelet transformation.

According to the invariance of local structures between
a face-image graph and the corresponding Gabor-wavelet
graph, we can infer the “invariant linear representation” in
the wavelet domain. For example, when we have a query
image Fi, it can be linearly represented by its neighboring
nodes in the image domain, i.e., by using Eq. (18), where
a set of parameters αj is used to represent the local linearity
among the neighboring nodes. In our method, the least-
squared solution is adopted to give the optimal values of
αj, i.e.,

~α ¼ argmin
αj

����Fi −
X

EðFi;FjÞ¼1

αjFj

����
2

: (23)

We have proved that the wavelet graph has the local lin-
earity preserving property (Property 2). Thus, these param-
eters can be used to construct a new node in the wavelet
graph by using Eq. (22). For a query image, its Gabor-wave-
let features can be obtained in this way without performing
the Gabor-wavelet transformation. Here, we should notice
that the extracted features are not the real Gabor-wavelet fea-
tures of the image Fi, but only an estimation based on the
invariant linear representation in the wavelet domain. The
constructed node in the wavelet graph is a pseudo-node,
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so the estimated wavelet features are hereby called the
“pseudo-Gabor-wavelet features” (PG features).

4.2 Face Recognition Based on PG Features
After the PG features are extracted, we can use them for face
recognition. In fact, it is also time consuming to compare two
high-dimensional features, such as Gabor-wavelet features.
Therefore, the PCA method is also applied to further reduce
the computational complexity.

For a set of training images, i.e., F1; F2; : : : ; FM , we can
compute the corresponding Gabor-wavelet features, i.e.,
W1;W2; · · · WM in advance. Then, by performing PCA
on these Gabor features,6 we can obtain

Wi ¼
X

t¼1;: : : ;m

βitVt; (24)

where Vt is the t’th eigenvector, βit is the t’th PCA coeffi-
cient of the t’th Gabor feature, andm is the number of eigen-
vectors. Here we should notice that, for all the input features,
the de-mean procedure is not performed in order to maintain
the linear relationship between Wi and Vt. Then, from
Eqs. (3), (22), and (24), for a query image j, we have

βjt ¼ Wj · Vt ¼
� X

l∈SWj

αlWl

�
· Vt

¼
X
l∈SWj

αlWl · Vt ¼
X
l∈SWj

αlβlt ;
(25)

where βjt is the t’th PCA coefficient in the Gabor-wavelet
domain and αl is the linear coefficient as in Eqs. (18) and
(22). This observation shows that when the linearity param-
eters are determined by Eq. (23), we can directly extract the
features β, which are the PCA coefficients of the PG features.
Note that all the operations in the recognition phase are per-
formed on vectors with a reduced dimension, and thus com-
putations are saved. Then, the features can be used for face
recognition.

A complete list of the procedures for our proposed face
recognition algorithm is included in Algorithm 1.

5 Experimental Results
In this section, we will evaluate the performance of our
proposed method for face recognition based on different
face databases. Five standard face databases are used in the
experiments: the Yale database, the Caltech database, the

ORL database, the AR database, and the FERET database.
The face images in these databases are captured under differ-
ent conditions, such as variable lighting conditions, facial
expressions, perspectives, and with/without glasses. The
number of distinct subjects and the total number of images
vary for the different databases: the Yale database contains
165 face images of 15 distinct individuals, the Caltech data-
base includes 26 categories and 443 face images in total, the
ORL database has a total of 400 face images with 40 distinct
subjects, and the AR database contains 121 different persons
with 7 images without disguises for each person. The setup
of the FERET database is different, because the number of
images of some individuals in the database is insufficient.
Thus, a subset of the database is selected for experiments.
In the subset, there are 52 categories and 416 images in
total, i.e., eight images for each category.

All images are normalized to a resolution of 64×
64 pixels based on the eye locations and the color images
are converted to gray scale. In order to enhance the global
contrast of the images and to reduce the effect of uneven
illuminations, histogram equalization is applied to all the
images.

Our method is to construct the pseudo-Gabor-wavelet fea-
ture, which considers the characteristics of both wavelets and
linear-representation-based methods. PCA is used for further
computational complexity reduction. Therefore, our pro-
posed method, i.e., PGþ PCA will be compared with five
other methods, namely Gabor wavelets plus PCA (GWþ
PCA), LPP, PCA, KPCA, and DTCWT plus PCA. To be
more specific, the LPP adopted is unsupervised with a
weight function [Eq. (5)] and the parameter t ¼ 5; KPCA
uses a polynomial kernel of 4; and DTCWT has one level
of subband.

5.1 Parameter Determination
As described in Sec. 2.3, the Gabor features are extracted at
different frequencies and orientations. The frequencies and
orientations adopted are π∕ð ffiffiffi

2
p Þpþ1 and 2qπ∕n, respec-

tively, where p ¼ 1; 2; : : : ; m and q ¼ 0; 1; 2; : : : ; n − 1.
The number of frequencies and orientations, i.e., m and n,
should be predetermined.

In our experiments, we use the Yale database for deter-
mining the optimal values for m and n. The first five images
of each person are selected for training, and the rest are
used for testing. Then, we evaluate the performance of
GWþ PCA and our proposed PGþ PCA for face recogni-
tion, where the extracted Gabor-wavelet features for the
training set have different values ofm and n. The experimen-
tal results are shown in Table 1, from which we can see that
the best performances of the two methods can be achieved
when two frequencies and eight orientations are adopted.
Therefore, in our following experiments, m and n are set
to 2 and 8, respectively.

The dimensionality of the feature vectors will vary from 1
to N − 1, where N denotes the number of training samples.
The curves of the recognition rates for different dimen-
sions offer a panorama to compare the performances of all
the algorithms concerned. Figure 2 shows the plots of the
average recognition rates versus different feature dimen-
sionalities based on the Yale database. We can see that
the proposed pseudo features have a similar performance
to GWþ PCA.

Algorithm 1 PGþ PCA Algorithm.

1: Extract GW features fWig of the training set fF ig;

2: Perform PCA on fWig and compute the corresponding eigenvalues
for each Wi , i.e., fβi t g. Here the de-mean procedure is cut down.

3: For a query face image j , calculate the optimal linear coefficients
fαjg based on the training images via (23).

4: Calculate the features fβjg based on fαjg and fβi t g via (25).

5: Calculate the distance between fβjg and fβig, and then the nearest
neighbor rule is adopted for classification.
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5.2 Performances on Different Databases
Having determined the parameters for the algorithms based
on the Yale database, the performances of the different
face recognition algorithms are then compared based on dif-
ferent databases. In the experiments, 10-fold cross-validation
tests are performed to evaluate the performances of the dif-
ferent methods. In each test, a set of images of each subject is
randomly chosen for training, while the remaining images
are used for testing. In particular, five images of each
class in the Yale database and six in the FERET database
were selected as training images, while in the Caltech,
ORL, and AR database, only three images per class were
selected for training. The remaining images form the
testing set.

Figures 3–6 show the results based on the Caltech data-
base, the ORL database, the AR database, and the FERET
database, respectively. The best recognition results, with
their corresponding dimensions, are listed in Table 2.
From the results, we can observe the following:

1. The Gabor-wavelet features always achieve the best
performance for all cases, and our proposed PG
method achieves the second best recognition results
on the different databases. This is because the
extracted PG features are not the real Gabor features
obtained by the Gabor-wavelet transformation, but
only an estimation of the real ones. In other words,
the performance of GW can be considered as the
upper limit of PG. As shown in Sec. 5.4, a denser
image graph should be helpful in reducing the differ-
ence between GW and PG.

2. In most cases, PG has a higher maximum average rec-
ognition rate than the other methods, except GW. The
only exception is that on the FERET database PG
and DTCWT have a very similar performance. These
results show that our proposed method has a desirable
and robust performance when handling different
variations in face recognition. This is mainly because
our method utilizes the advantages of Gabor-based
algorithms.

Table 1 Face-recognition rate (RR %) based on Gabor wavelets with different numbers of frequencies and orientations.

m:n 1:4 1:8 2:4 2:8 3:4 3:8 4:4 4:8 5:4 5:8

GWþ PCA 97.8 98.9 96.7 98.9 96.7 97.8 96.7 97.8 96.7 97.8

PGþ PCA 94.4 94.4 93.3 95.6 93.3 95.6 94.4 95.6 94.4 95.6

Note: The bold numbers indicate the parameters selected in the following experiments.
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Fig. 2 Average recognition rates of different face recognition methods
versus different feature dimensionalities based on the Yale database.
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Fig. 3 Average recognition rates of different face recognition methods
versus different feature dimensionalities based on the Caltech
database.
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Fig. 4 Average recognition rates of different face recognition methods
versus different feature dimensionalities based on the ORL database.
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5.3 Pseudo-Gabor Wavelet Reconstruction Using
Different Numbers of Neighbors

In this experiment, we will evaluate how the number of
neighboring nodes affects the estimation accuracy of the
PG wavelet features and the face recognition rate. Our pro-
posed PGþ PCA method is performed on the Yale database
under the same conditions as the previous experiment, i.e.,
five training samples of each category are randomly chosen
and the rest are for testing. The dimension of the feature vec-
tors fβjg is fixed to the highest possible value, i.e., 75. The
only variable is the number of neighboring nodes used,
which also determines the neighborhood size.

The average recognition rates and the average recon-
struction error of fβjg are plotted in Fig. 7. The curves
show that when the number of neighbors is very small,
e.g., smaller than 10, the reconstruction error falls drastically,
and the accuracy rises significantly when the neighborhood
size increases. This observation means that too few neigh-
boring nodes are not able to fully reconstruct the feature
vector required. However, both the recognition-rate and the
reconstruction-error curves become steady when a certain
number of neighbors are reached. This is reasonable, because
the samples that are far away from the testing image are
always dissimilar to it, and hence, contribute little in the
reconstruction procedures. In fact, using too many neighbors
will have an adverse effect on the reconstruction quality, as
we can see in Fig. 7, where the reconstruction error rises
when the number of neighbors is larger than 60.

Finally, we can observe that the recognition rate does not
drop although the reconstruction quality is degraded. Thus,
it is unnecessary to determine the optimal number of neigh-
boring nodes for achieving the best recognition rate.
Consequently, we set all the training images as neighbors
of any testing images in our experiments.

5.4 Face Recognition using Different Numbers of
Training Samples

In this section, we will evaluate the relative performances
of the different methods using a varying number of training
samples based on the Yale database. The first k images
of each person are selected as the training set (k ¼
1; 2; : : : ; 10), and the others are used for testing. The exper-
imental results are shown in Fig. 8.
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Fig. 5 Average recognition rates of different face recognition methods
versus different feature dimensionalities based on the AR database.
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Fig. 6 Average recognition rates of different face recognition methods
versus different feature dimensionalities based on the FERET
database.

Table 2 The maximum average recognition rates (RR %) with the corresponding dimensions on the Yale, Caltech, ORL, AR, and FERET
databases.

Yale Caltech ORL AR FERET

RR Dims RR Dims RR Dims RR Dims RR Dims

GWþ PCA 98.9 21 96.2 46 89.3 106 97.2 205 85.1 251

PGþ PCA 97.8 26 93.4 53 83.6 119 92.6 340 82.7 201

LPP 87.8 68 75.4 47 70.7 89 81.5 266 60.6 172

KPCA 88.9 17 85.5 76 77.1 100 88.7 286 79.8 144

PCA 91.1 27 83.8 51 75.7 109 88.2 323 79.8 135

DTCWTþ PCA 94.4 52 89.3 77 81.1 119 79.8 193 82.7 163
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We can see that PGþ PCA has a similar recognition per-
formance toGWþ PCA, and it always performs second-best
among all the different methods. As the number of training
samples increases, the performance of PGþ PCA improves
significantly, and the difference between the performances of
PGþ PCA andGWþ PCA gradually reduces. This is due to
the fact that our algorithm aims to recover the Gabor features
of the testing image from its neighbors, and more training
samples will provide a denser graph structure, which helps
to reconstruct the target node more precisely. Here we should
notice that, even in the case of only one image per person for
training, our method can still achieve a similar performance
to GW.

5.5 Computational Complexity
In this experiment, we have also measured the average
runtime for extracting the required features for a query
image, and that of matching the feature vectors when using
GW þ PCA, PGþ PCA, PCA, and DTCWT þ PCA,
respectively. The other two methods, i.e., KPCA and LPP,
are not considered in this part, because their computational

requirements are similar to PCA, i.e., eigenvalue decom-
position (EVD) or generalized EVD. The face recognition
algorithms run on an Intel Pentium(R) D 3.0 GHz CPU
with 3.0 GB RAM, using Matlab R2010b. The average run-
time for each method, based on different databases, is shown
in Table 3.

All the algorithms have very similar runtimes for match-
ing because the dimensions of the feature vectors are all
reduced by PCA to a fixed value. The main difference is
in feature extraction. We can see that PGþ PCA has a
much lower computational complexity than GWþ PCA
for extracting the features. The required time for GW is
very high because the Gabor-wavelet transformation is
time consuming. In fact, although a fast Fourier transforma-
tion (FFT) technique was adopted, the average runtime for
extracting a Gabor feature with two scales and eight orien-
tations still costs more than 400 ms in our experiments. On
the other hand, our proposed method costs more time than
PCA. Moreover, DTCWT, which uses another set of wavelet
kernel functions instead of Gabor, also costs more time than
PGþ PCA. These three results are consistent with the
previous theoretical analysis. The most time-consuming
operation in PGþ PCA is solving the least squared error
optimization problem in Eq. (23). The complexity of solving
this problem is lower than that of wavelet transformations in
GW and DTCWT, but much higher than that of just multi-
plication operations only in PCA. However, considering the
recognition rates as well, we see that PGþ PCA signifi-
cantly reduces the required computational time for GWþ
PCA, while still retaining a relatively higher discriminative
ability than all the other methods except GWþ PCA.

6 Conclusions
In this paper, we have proposed an efficient face-recognition
algorithm, which not only possesses the advantages of linear
subspace analysis approaches—such as low computational
complexity—but also has the advantage of the high recog-
nition performance in the wavelet-based algorithms. Based
on the invariant local linear structure between an image
graph and its corresponding Gabor-wavelet graph, we can
extract the pseudo-Gabor features without performing com-
plex Gabor-wavelet transformations. The PCA method is
also adopted to further reduce the computational complexity.
The experiments based on different databases show that con-
sistent and promising results are obtained.

In fact, the proposed method provides an idea of how to
reduce the cost of estimating expensive, high-dimensional
features, like the Gabor-wavelet features in this paper. Once
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Fig. 8 Face recognition using different numbers of training samples.

Table 3 Average runtimes for feature extraction and for matching
feature vectors on the Yale Database (the average results of
100 times).

Time (ms) Feature extraction Feature matching

GWþ PCA 445 0.16

PGþ PCA 4.3 0.18

PCA 0.80 0.17

DTCWT 5.9 0.16
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we find that some simple relationships among samples in a
low-dimensional space are still retained in the corresponding
high-dimensional feature space, these relationships might
help to estimate the unknown, high-dimensional features
of testing samples without having to perform the expensive
transformations.
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