
Gabor Wavelets Transform and Extended Nearest Feature Space
Classifier for Face Recognition

Jianke Zhu, Mang I Vai and Peng Un Mak
Department of Electrical and Electronics Engineering, Faculty of Science and Technology

University of Macau, Macau SAR, PR. China
{ma26815, fstmiv, fstpum}@umac.mo

Abstract

This paper proposes new hybrid approaches for face
recognition. Gabor wavelets representation of face im-
ages is an effective approach for both facial action recogni-
tion and face identification. Perform dimensionality reduc-
tion and linear discriminant analysis on the downsampled
Gabor waveletfaces can increase the discriminant ability.
Nearest feature space is extended to various similarity mea-
sures. In our experiments, proposed Gabor waveletfaces
combined with extended nearest feature space classifier
shows very good performance, which can achieve 99 %
maximum correct recognition rate on ORL data set without
any preprocessing step.

1 Introduction

Over last 15 years incremental activities have been seen
in tackling problems such as recognizing faces in various
environments[1]. Turk and Pentland [2] demonstrated that
Principal Component Analysis (PCA) representation could
be used to implement a very efficient and successful face
recognition system. Face recognition system using Fisher’s
Linear Discriminant Analysis (FLD) [3] as the classifier has
also been very successful. In [4], C. Liu and Wechsler intro-
duced a Gabor-Fisher Classifier (GFC) method, which cou-
ples Gabor Wavelets, PCA and Enhanced Fisher Discrim-
inant Model(EFM) together. The GFC method has shown
significant improvement of Gabor features in face recogni-
tion. The simple nearest neighbor (NN) pattern classifier
is widely employed for face recognition task. Stan Li et al.
[5] proposed a kind of Nearest Feature Line (NFL) classifier
which has shown to achieve lower classification error than
the NN classifier. Jen-Tzung Chien et al. [6] have proposed
a Nearest Feature Space (NFS) classifier for robust decision
in presence of wide facial variations, which outperformed
the NFL. In our experiments, conventional NN classifier is

used as base-line method in comparison with the NFS clas-
sifier.

In this paper, Gabor waveletfaces are extracted by down-
sampled Gabor wavelets transform on the face images. The
Gabor waveletfaces after performing PCA and FLD are em-
ployed for face identification. In [6], Jen-Tzung Chien only
argued L1 norm, but other similarity measure methods such
as L2 norm and angle distance are also very useful for pat-
tern classification. Our proposed method of Gabor wavelet-
faces using extended NFS classifier achieves 99% correct
face recognition accuracy for ORL data set [7].

2 Gabor Wavelets Transform Features Ex-
traction

Gabor wavelets are widely used in image analysis and
computer vision [8, 9]. The Gabor wavelets transform pro-
vides an effective way to analyze images and has been elab-
orated as a frame for understanding the orientation and spa-
tial frequency selective properties of simple cortical neu-
rons. They seem to be a good approximation to the sensi-
tivity profiles of neurons found in visual cortex of higher
vertebrates. The important advantages are infinite smooth-
ness and exponential decay in frequency.

Let �I(z) be the gray level distribution of the input im-
age, Gabor wavelets transform on �I(z) can be written as a
convolution of �I(z) with a family of kernels ψk:

�Ok(z) = �I(z) ∗ ψk(z) (1)

where ∗ denotes the convolution operator, and �Ok(z) is the
convolution result at k. The Gabor wavelets (kernels) take
the form of a plane wave restricted by a Gaussian envelope
function [9]:

ψk(z) =
‖ k ‖2

σ2
e−‖k‖2‖z‖2/2σ2

[eikz − e−σ2/2] (2)

where k determines the wavelength and orientation of the
kernel ψk(z) in image coordinates. The first term in bracket
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is oscillation part, and the second is dc part. The k is de-
fined as k(µ, υ) = kυeiφµ , where µ and υ define the orien-
tation and scale of the Gabor kernels, kυ = kmax/fυ and
φµ = πµ/8 . kmax is the maximum frequency, and f is the
spacing factor between kernels in the frequency domain.

The ψk(z) form a family that is self-similar under the
application of the group of translations, rotations, and re-
sizes. The effect of the dc term becomes negligible when
the parameter, which determines the ratio of the Gaussian
window width to wavelength, has sufficiently large value.

Lades and et al. [9] suggest that good result can be
obtained by using Gabor wavelets of five different scales,
υ ∈ {0, . . . , 4}, and eight orientations, µ ∈ {0, . . . , 7} ,
σ = 2π, kmax = π/2 and f =

√
2. Figure 1 shows the

Gabor wavelet transform on a sample image (128 × 128)
at 5 scales and 8 orientations (the magnitude part). We call
it Gabor waveletfaces. The downsampled Gabor wavelet
transform results by the factor of 64 formed a feature vector
�g ∈ R

n, where n = 10240.

Figure 1. A sample face image represented by
magnitude part of Gabor wavelet transform

3 Discriminant Analysis

3.1 Principle Component Analysis

The basic goal in PCA is to reduce the dimension of the
data. Consider a set of L feature vectors {�g1, �g2, . . . , �gL}
taking values in an n dimensional feature space. Σ�g ∈
R

n×n is defined as the covariance matrix of the augmented
feature vector �g: Σ�g = {[�g − ε(�g)][�g − ε(�g)]T }, where ε
is the expectation operator. The PCA of a random vector �g
factorizes its covariance matrix Σ�g into the following form:

Σ�g = ΦΛΦ with Φ = [�ϕ1, �ϕ2, . . . , �ϕn],
Λ = diag{λ1, λ2, . . . , λn} (3)

where Φ ∈ R
n×n is an orthogonal eigenvector matrix and

Λ ∈ R
n×n is a diagonal eigenvalues matrix with diago-

nal elements in decreasing order (λ1 ≥ λ2 ≥ . . . λn).

The projection can be obtained via �y = Tpca
T [�g − ε(�g)],

where eigenvectors Tpca = [�ϕ1, �ϕ2, . . . , �ϕp], p < n and
T ∈ R

n×p. The lower dimensional vector captures the most
expressive features of the original data.

3.2 Fisher Linear Discriminant

Given large and representative learning datasets, FLD
may achieve better result than PCA [10]. FLD searches for
those vectors in the underlying space that best discriminates
among classes, and creates a linear combination of these
that yields the largest mean differences between the desired
classes.

FLD training is carried out via scatter matrix analysis.
Assume each face image belongs to c-class, the within- and
between-class scatter matrices Σw ∈ R

p×p, Σb ∈ R
p×p are

computed as follows:

Σw =
c∑

i=1

Pr(ωi)ε{(�y − �mi)(�y − �mi)T | ω = ωi} (4)

Σb =
c∑

i=1

Pr(ωi)(�mi − �m0)(�mi − �m0)T (5)

where Pr(ωi) is the priori class probability and usually is
replaced by 1/c , and �mi is mean vector, �m0 overall mean
vector. Various measures are available for quantifying the
discriminatory power. One commonly used one is:

J(A) = arg max
i

AΣbA
T

AΣwAT
(6)

where A is an m × n matrix with (m ≤ n). The advan-
tage of using this ratio is that it has been proven that if
Σw is a non-singular matrix then this ratio is maximized
when ΣbA

∗ = ΣwA∗ΛA and A∗ is the eigenvector matrix
of Σ−1

w Σb , ΛA is a diagonal matrix. There are at most c−1
nonzero generalized eigenvectors. Let Tfld is a reduction
matrix A∗, the features for classification can be lastly de-
rived as vector �u = TT

fld�y.

4 Feature Classifiers

4.1 Nearest Neighbor Classifier

The NN decision is a simple nonparametric classifier
by finding the neighbor within the minimum distance be-
tween the feature of query �u and all prototypes �ul

train,
l = 1, 2, . . . , L. The feature vector �u is classified to the
closet training feature. The similarity measures used in our
experiments to evaluate the efficiency of different represen-
tation and recognition methods include L1 distance mea-
sure �L1 , L2 distance measure �L2 and cosine distance
measure �cos.
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4.2 Extended Nearest Feature Space Classifier

In [6], Jen-Tzung Chien et al. proposed a method to en-
large training prototype capacity through extending the ge-
ometrical concepts of point and to plane and space. NN
searches the nearest feature point; NFL searches the near-
est feature line constructed by two prototype feature points
in each class, and so on. And NFS method has the advan-
tage to find the nearest feature distance between query and
prototype space.

We find that searching the nearest feature distance should
be finally degenerated to a problem tackle with distance be-
tween query feature point and its projection feature point in
expanded feature space, plane and line according to the geo-
metrical concepts. So the problem can be eventually solved
through nearest neighbor method, where the projection pro-
totype feature point of query feature point is replaced with
the training prototype. Chien et al. only argued L1 norm,
but other measure methods such as L2 norm and angle dis-
tance are very useful for pattern classification task, too. So
we extend the distance concept in [6] to squared Euclidean
distance and angle distance. Since NFS shows priority than
NFL and NFP by Chien et al’s conclusions, our paper only
discuss the NFS method and name our NFS approach as
extended NFS (ENFS) as in our paper title.

The r training prototypes {�uω1, �uω2, . . . , �uωr} belong to
class ω spanning a space Sω = span(�uω1, �uω2, . . . , �uωr).
The projection of query feature vector �u on Sω can be de-
termined by applying the Gram-Schmidt process or build a
matrix P = [�uω1, �uω2, . . . , �uωr] , the projection �uP is de-
rived as:

�uP = P (PT P )−1PT �u (7)

After applying NN classifier for �u and �uP , the query feature
vector can be labeled. So the similarity measure for NN can
also be used in NFS. In particular, the projection and probed
features must be normalized for angle distance.

5 Experiments

5.1 Experimental Setup

Experiments are conducted by ORL dataset for our pro-
posed Gabor waveletfaces with extended NFS classifier.
The ORL dataset consists of 400 frontal faces: 10 tightly
cropped images of 40 individuals with variations in pose,
illumination, facial expression and accessories. The size of
each image is 92 × 112 pixels, with 256 grey levels per
pixel. We test the proposed method in both the performance
against conventional eigenfaces method [2] and the recent
face recognition scheme such as Kernel PCA [11], NFL [5],
NFP and NFS [6]. In this research, eigenfaces [2] combined
with NN classifier method is viewed as baseline system. To

allow comparisons, the same training and test set sizes are
used as in [11, 5, 6], the first 5 images for each subject are
the training images and the remaining 5 images are used
for testing, and no overlap exist between the training and
test face images. All images in the dataset are scaled to
128 × 128 in order to facilitate the Gabor wavelet trans-
form. In our experiment, angle distance similarity measure
for NFS classifier is no better than L1 norm and L2 norm,
so we only focus on the latter.

5.2 Effects of Feature Representation and Dis-
criminant Analysis
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Figure 2. Recognition rate using pixel and Ga-
bor waveletfaces using PCA and FLD

We first experiment with original ORL images by apply-
ing the Eigenfaces method [2]. Figure 2 shows the standard
Eigenfaces method has 87.5% to 89.5% correct recognition
rates using between 40 and 150 eigenvectors. In Figure
2, we perform a comparison of feature representations for
PCA and FLD. Both PCA and FLD are combined with a
simple NN classifier employ L2 norm as similarity mea-
sure. The face recognition performance curves indicate that
downsampled Gabor waveletfaces as features based meth-
ods is superior to pixels value based Egienfaces method. In
addition, FLD is better than PCA in such data set configu-
rations.

5.3 Effects of Classifiers

Figure 3 shows the correct recognition rates plot ob-
tained by NN and ENFS using increased number of eigen-
vectors after performing PCA on the downsamped Gabor
waveletfaces. We observe that ENFS classifier with various
similarity measures is regularly better than NN classifier.
As the number of eigenvectors increases, performance im-
proves and then saturates. L1 norm yields better recognition
rates when the number of eigenvectors is larger than 85. L1
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norm for NN classifier can achieve best recognition rates
but yield more oscillations than in L2 norm.
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Figure 3. Compare ENFS with NN when using
PCA on downsamped Gabor waveletfaces

When performing FLD on the downsampled Gabor
waveletfaces, the recognition rates plotted in Figure 4 are
obtained by NN and ENFS respectively. It indicates that
ENFS is superior to NN, and ENFS with L2 norm is bet-
ter at a margin than L1 norm. For our proposed method,
the best performance of 99% recognition rate is achieved
when the number of eigenvectors is 145, which clearly out-
performed the FLD combined with NN method and other
PCA-based methods.
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Figure 4. Compare ENFS with NN when using
FLD on downsamped Gabor waveletfaces

Our proposed method produces generally better results
in comparison with recent face recognition systems us-
ing ORL dataset for performance evaluation, such as NFL
96.9% [5] and NFS 96.1% [6], kernel PCA 97.5% [11].

6 Summary and Conclusions

In this paper, a new hybrid method method of Gabor
waveletfaces using extended NFS classifier has been pro-

posed and tested with very good result in well-known stan-
dard data set.

In comparision with other methods, all Gabor wavelet-
faces based method is better than the base-line method.
Downsampled Gabor wavelets transform of face images as
features for face recognition in subspace approach is supe-
rior to pixel value. This conclusion is coincided with [4].
Other schemes facilitating Gabor wavelets transform on im-
ages also win successes in face recognition and detection
area. Among our experiments, Gabor waveletfaces using
ENFS classifier method achieves best correct face recog-
nition accuracy for ORL data set ( 99% max.). NFS using
different similarity measures may yield greater discriminant
power. In addition, the experiments verify that FLD can per-
form better than PCA when small sample size (SSS) prob-
lem is not serious.
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