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Abstract. This paper proposes a new Enhanced Nearest Feature Space
Classifier (ENFS) which inherits the generalization capability from Near-
est Feature Space method. Additionally, estimated variance can optimize
the class seperability in the sense of Bayes error, and has improve the
classification power in reduced PCA subspace. Gabor wavelets represen-
tation of face images is an effective approach for both facial action recog-
nition and face identification. Perform PCA dimensionality reduction on
the downsampled Gabor Wavelets features can be effectively for face
recognition. In our experiments, ENFS with proposed Gabor Wavelets
Features shows very good performance, which can achieve 98.5% maxi-
mum correct recognition rate on ORL data set without any preprocessing
step.

1 Introduction

Many techniques for face recognition have been developed with principles span
across several disciplines [1]. Currently, by far the most popular dimensionality
reduction technique in face recognition is to use subspace projections based on
the Principal Component Analysis (PCA). PCA based dimensionality reduction
for the face images was first proposed by Sirovich and Kirby [2]. Later, Turk and
Pentland [3] demonstrated that this subspace representation could be used to im-
plement a very efficient and successful face recognition system. The classifier also
affects the recognition performance considerably. The simple nearest neighbor
(NN) pattern classifier is widely employed for face recognition task. Stan Li et
al. [4] 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. [5] have proposed Nearest Feature Plane (NFP) and Nearest Feature Space
(NFS) classifier for robust decision in presence of wide facial variations, which
outperformed the NFL. In [6, 7], C. Liu et al. proposed Probabilistic Reasoning
Models (PRM) which combine the PCA technique and the Bayes classifier and
show their good discriminant ability on the face recognition problem.

The whole system for our approach can be divided into three parts: features
extraction (Section 2), dimension reduction & discriminant analysis (Section 3),
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and classification (Section 4). Such scheme is widely used in subspace based
methods. In this paper, Gabor Wavelets features are extracted by downsampled
Gabor wavelets transform on the face images. The Gabor Wavelets features after
performing PCA are employed for face identification. In [5], Jen-Tzung Chien
only argued L1 norm, but other similarity measure methods such as L2 norm
and angle distance are also very useful for pattern classification. We propose
a new classifier for face recognition, namely Enhanced NFS method(ENFS).
Our proposed method of Gabor Wavelets features using Enhanced NFS classifier
achieves 98.5% correct face recognition accuracy for ORL data set [8].

2 Gabor Wavelets Transform Features Extraction

The Gabor wavelets transform provides an effective way to analyze images and
has been elaborated as a frame for understanding the orientation and spatial
frequency selective properties of simple cortical neurons [9]. They seem to be
a good approximation to the sensitivity profiles of neurons found in visual cortex
of higher vertebrates. The important advantages are infinite smoothness and
exponential decay in frequency.

Let I(z) be the gray level distribution of an image, 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 is oscillation part, and the second is dc
part. The k is defined as k(µ, υ) = kυe

iφµ , where µ and υ define the orientation
and scale of the Gabor kernels, kυ = kmax/f

υ and φµ = πµ/8 . kmax is the
maximum frequency, and f is the spacing factor between kernels in the frequency
domain.

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

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

√
2. The complex value com-

bines both even (cosine-type) and odd (sine-type) parts. Fig.1 shows the even
part. Fig.2 shows the Gabor wavelet transform on a sample image (128 × 128)
at 5 scales and 8 orientations (the magnitude part). These representation re-
sults display scale, locality, and orientation properties corresponding to those
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Fig. 1. Even part of Gabor wavelets ker-
nels

Fig. 2. A sample face image represented
by the magnitude part of Gabor wavelets
transform

displayed in Fig.1. The downsampled Gabor wavelet transform results by the
factor of 64 formed a feature vector g ∈ R

n, where n = 10240.

3 Principle Component Analysis

The basic goal in PCA is to reduce the dimension of the data. The representation
given by PCA is an optimal linear dimension reduction technique in the mean-
square sense, and noise may be reduced. Consider a set of L feature vectors
{g1, g2, . . . , gL} taking values in an n dimensional feature space. Σg ∈ R

n×n is
defined as the covariance matrix of the augmented feature vector g:

Σg = {[g − ε(g)][g − ε(g)]T } (3)

where ε is the expectation operator. The PCA of a random vector g factorizes
its covariance matrix Σg into the following form:

Σg = ΦΛΦ with Φ = [ϕ1,ϕ2, . . . ,ϕn], Λ = diag{λ1, λ2, . . . , λn} (4)

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

n×n is a diag-
onal eigenvalues matrix with diagonal elements in decreasing order (λ1 ≥ λ2 ≥
. . . λn). An immediate application of PCA is dimensionality reduction via

u = Tpca
T [g − ε(g)] (5)

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.
Then we use the projection u for classification.

4 Feature Classifiers

4.1 Nearest Neighbor Classifier

The NN decision is a simple nonparametric classifier by finding the neighbor
within the minimum distance between the feature of query u and all prototypes



A New Enhanced Nearest Feature Space (ENFS) Classifier 127

ul
train, l = 1, 2, . . . , L. The feature vector u is classified to the closet training fea-

ture. The similarity measures used in our experiments to evaluate the efficiency
of different representation and recognition methods include L1 distance measure
�L1 , L2 distance measure �L2 , cosine distance measure �cos and independent
Mahanlanobis distance measure �Mah. In order to make the computation fea-
sible, the Mahanlanobis distance measure can be obtained by:

�SimMah =
m∑

i=1

(ui − vi)2

ς2i
(6)

where m is the number of remaining eigenvectors and ς2i is the maximum likeli-
hood estimation of the ith feature.

4.2 Nearest Feature Space Classifier

Stan Li et al. [4] showed that NFL method is superior to NN methods. In [5], Jen-
Tzung Chien et al. expanded the NFL concept through extending the geometrical
concepts of point and to plane and space in order to enlarge training prototype
capacity. NN searches the nearest feature point; NFL searches the nearest feature
line constructed by two prototype feature points in each class, and so on. And
NFS method has the advantage to find the nearest feature distance between
query and prototype space.

We find that searching the nearest feature distance should be finally degen-
erated to a problem tackle with distance between query feature point and its
projection feature point in expanded feature space, plane and line according
to the geometrical concepts. So the problem can be eventually solved through
nearest neighbor method, where the projection prototype 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 distance are very
useful for pattern classification task, too. So we extend the distance concept
in [5] to squared Euclidean distance and angle distance. Since NFS shows prior-
ity than NFL and NFP by Chien et al’s conclusions, our paper only focusses on
the NFS-related methods.

Assuming all the training prototypes belong to c classes, and each class ωi

has Nk sample respectively. The r training prototypes {uω1,uω2, . . . ,uωr} is
part of class ω spanning a space Sω = span(uω1,uω2, . . . ,uωr). The projection
of query feature vector u on Sω can be determined by applying the Gram-
Schmidt process or build a matrix P = [uω1,uω2, . . . ,uωr] , the projection uP

is derived as:
uP = P (PTP )−1PT u (7)

After applying NN classifier for u and uP , the query feature vector can be
labeled. So the similarity measure except Mahanlanobis distance for NN can
also be used in NFS. In particular, the projection and probed features must be
normalized for angle distance similarity measure.
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4.3 Enhanced Nearest Feature Space Classifier

In [6], C. Liu et al. argue that the conditional probability density function for
each class is implemented in the reduced PCA subspace. It is modeled using the
within class scatter and the Maximum A Posteriori (MAP) classification rule .
The PRM model assumes in the PCA space the within-class covariance matrices
are identical and diagonal under Σi = ΣI = diag{σ2

1, σ
2
2 , · · · , σ2

c}. Each diagonal
component σ2

i is estimated by the sample variance in the one dimensional PCA
space:

σ2
i =

1
c

c∑

k=1

{ 1
Nk − 1

Nk∑

j=1

(u(k)
ji −mki)2} (8)

where u(k)
ji is the ith element of the Gabor Wavelets Features g(k)

j which belongs
to class ωk, mki is the ith of mk, and mk = E{g | ωk}. Thus the MAP rule
specifies the following classifier:

�PRM =
c∑

j=1

(uj −mij)2

σ2
j

(9)

NFS method can enlarge the prototype capacity, and increases the generaliza-
tion ability. Mahanlanobis distance takes the variance of the training prototypes
into account and thus makes the similarity measure insensitive large residuals
in areas of high variance. PRM models can estimate the within class variance,
which can optimize the class seperability in the sense of Bayes error. We are
motivated to combine them together. Taking the same assumption used in PRM
model, the variance ς2i in (6) can be replaced of the estimated variance σ2

i of
within-class covariance. Using the L2 distance between the probe feature vector
u and the projection uP , the distance eventually can be derived as:

�ENFS =
c∑

i=1

(ui − uPi)2

σ2
i

(10)

We then call this classifier as Enhanced Nearest Feature Space (ENFS) classifier.

5 Experiments

5.1 Experimental Setup

Experiments are conducted by ORL dataset for our proposed Gabor Wavelets
Features with extended NFS classifier. The ORL dataset consists of 400 frontal
faces: 10 tightly cropped images of 40 individuals with variations in pose, illu-
mination, 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 [3] and the recent face recognition scheme such as Kernel
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Fig. 3. Compare NFS with NN using
PCA on Gabor Wavelets Features
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Fig. 4. Compare ENFS with NFS using
PCA on Gabor Wavelets Features

PCA [10], NFL [4], NFP and NFS[5]. In this research, eigenfaces [3] combined
with NN classifier method is viewed as baseline system. To allow comparisons,
the same training and test set sizes are used as in [4, 10], i.e., the first 5 images
for each subject are the training images and the remaining 5 images (unseen
during training) are used for testing, and no overlap exists between the training
and test face images. To facilitate the Gabor wavelet transform for face images,
all images in the dataset are scaled to 128 × 128. In our experiment, most of
angle distance similarity measure and Mahanlanobis distance measure are close
to the performance of L1 norm and L2 norm, we therefore only focus on the
latter measure in the following experimental results.

5.2 Effects of Classifiers

We first experiment with original ORL images by applying the Eigenfaces
method [3]. Fig.3 shows face recognition performance of the Eigenfaces method
when using between 40 and 150 eigenvectors in PCA dimensionality reduction
step. It can be seen from Fig.3 that the standard Eigenfaces method has 87.5%
to 89.5% correct recognition rates using between 40 and 150 eigenvectors.

The scaled ORL images are used for all flowing experiments. Fig.3 also shows
the correct recognition rates obtained by NN and NFS using enlarged number of
eigenvectors after performing PCA on the downsamped Gabor Wavelets features.
We observe that NFS classifier with various similarity measures is regularly
better than NN classifier. As the number of eigenvectors increases, performance
improves and then saturates. The face recognition performance curves indicate
that downsampled Gabor Wavelets Features based methods is superior to pixels
value based Egienfaces method. And NFS classifier with L1 norm is marginally
better than L2 norm.

When performing PCA on the downsampled Gabor Wavelets Features, the
correct recognition rates plotted in Fig.4 are obtained by NFS classifier and
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our proposed ENFS classifier respectively. Fig.4 indicates that ENFS classifier
performs better than NN classifier.

The experiment compares ENFS classifier with PRM classifier is also be
done. Fig.4 shows the results obtained by employing ENFS classifier and PRM
classifier on the downsampled Gabor Wavelets Features. The recognition curve
shows that PRM is also an effective classifier, but our proposed classifier works
better even. For our proposed method, the best performance of 98.5% correct
recognition rate is achieved when the number of eigenvectors is 145, which clearly
outperformed NN, NFS and PRM classifier based methods in our experiments.

6 Summary and Conclusions

The experiments in this paper suggest the following conclusions:
1) Downsampled Gabor wavelets transform of face images as features for face

recognition in subspace approach is superior to pixel value based one.
2) We propose a new Enhanced NFS classifier which shows better discrim-

inant power than NN, NFS and PRM classifier in our experiments. It mainly
benefits from employing features space projection for expanding the prototype
capacity and increase generalization power. The classification performance has
been enhanced in reduced PCA subspace using Bayes Rule to estimate the within
class variance at the same time. This scheme make the classifier more robust and
precise than the original one. Such classifier couple with Gabor Wavelets Fea-
tures achieves best correct face recognition accuracy for ORL data set(98.5%
max). In addition, NFS classifier using different similarity measures may yield
greater discriminant ability.
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