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Abstract

Compared to the fruitful research outputs in 2D
face recognition, the research in hyperspectral face
recognition is quite limited in literature. When most
available works process 2D slices of hyperspectral
data separately, a 3D Gabor wavelet based approach
is proposed in this paper to extract features in spatial
and spectrum domain simultaneously. As a result, the
information contained in the 3D data can be fully
exploited. Experimental results show that the proposed
approach substantially outperforms the methods
available in literature such as spectrum feature, PCA
and 2D-PCA on the HK-PolyU Hyperspectral Face
Database under the same testing protocol. When only
one sample per subject is available for training, our
method also achieves very robust performance.

1. Introduction

Since 1970s, a large number of face recognition
technologies have been developed in literature, which
can mainly be classified into two categories, i.e. global
and local approaches [1]. Though high accuracy has
been achieved for frontal view face images captured in
controlled environment, large illumination, pose
variations and time remain great challenges to current
face recognition technologies.

While hyperspectral imaging has been widely used
to space and airborne imaging for remote sensing
applications, it was not introduced to face recognition
until recently, due to the high cost of imaging device.
Pan et al. [2] extract the mean spectral signatures of
sampled face regions at forehead, cheek and mouth for
recognition. The method was tested using the
hyperspectral face images collected from 200 subjects
with pose and expression variations. The results show
that the performance is robust against such variations.
Their more recent work [3] extended the previous
study with constant illumination, and unknown outdoor
illumination =~ was  introduced. = Again  robust
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performance was observed. As hyperspectral data
usually contain tens of 2D images captured at different
spectral  bands, some researchers performed
recognition on each 2D image and then fused these
results for final decision. The commercial Facelt
software and different fusion schemes were tested in
Chang et al.’s work [4]. They observed that when
different illuminations like halogen, fluorescent and
day light are present, hyperspectral face images
achieve more robust performance than conventional
methods using visible lights. Similarly, 2D PCA and
decision level fusion were adopted in Di et al’s work
[5]. Since most current approaches in literature either
use spectrum signature, or feature extracted from
spatial domain only for recognition, the rich amount of
information included in hyperspectral data is not fully
explored. The work in [6] tries to perform joint spatial-
spectrum analysis by sampling the pixel values of
different bands to generate a so-called 2D spectral-face
image. When the same eigenface technique was
applied, the spectral-face method achieves better
performance than that using single band and multi-
band face images. However, the sampling of pixels
was ad hoc. When only few samples at different bands
are randomly included, lots of useful information is
lost.

Compared with the fruitful researches done in face
recognition using visible light, the work in
hyperspectral face recognition is quite limited. We first
propose in this paper a 3D Gabor wavelet based
approach for hyperspectral face recognition. When
spatial-spectrum relationships are jointly analyzed by
Gabor wavelets with different central frequencies, the
information included in hyperspectral data can be fully
explored. The method was tested using the publicly
available HK-PolyU Hyperspectral Face Database [13]
and remarkable improvements over previous results
have been observed.



2. 3D Gabor Wavelet Representation for
Hyperspectral Face Data

2.1. 3D Gabor wavelets

The Gabor function [7] was proposed to maximize
the resolution for joint time and frequency analysis of
signals, which is a Gaussian modulated by a sinusoidal
function. The 2D counterpart of a Gabor elementary
function was first introduced by Granlund [8]. Since
then, 2D Gabor wavelet has been widely applied to
extract features for texture classification [9, 10],

palmprint recognition [11] and face recognition [1], etc.

In spatial-spectrum domain (X,y,b), the 3D Gabor
wavelets can be defined as below [12]:

¥, (xy.b) = sXexp‘ x exp(j27(xu+ yv +bw))

\L{

(1

where S is a normalization scale, (x.y.b.) is the
position for signal analysis, f is the central frequency
of the sinusoidal plane wave, @ and & are the angles of
the wave vector with w axis and u-v plane in frequency
domain (u,v,w), R defines the rotation matrix for
transforming the Gaussian envelope to coincide with
orientation of the sinusoid, and o, ,o .o, are the

width of Gaussian envelop in different axis. The
response of signal to wavelet ¥,,, represents the
strength of variance with frequency amplitude f and
orientation (¢, 6). Figure 1 shows the real components
of two example 3D Gabor wavelets in spatial-spectrum
domain with different orientations and frequencies.

(a)
Figure 1. Two example 3D Gabor wavelets in
spatial-spectrum domain

(b)

Since local information about frequency and
orientation are usually unknown, a family of I/xJxK
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Gabor wavelets with different frequencies is required
to extract features from volume data:

{ww’ﬂk (. y.b), f = fA) 0, =jz]].0, = k’%{} ()

where f;, (¢,0;) define the amplitude and orientations
of central frequency, fu. 1S the highest possible
amplitude of frequency, 2 (one octave) is the spacing
factor between different scales. The frequency vector
points to the same direction with different & when ¢=0.
In this paper, we simplify the representation of the
wavelets and denote them as {¥,;; i=0,1,...,/-1;
j=0,1,...,J-1; k=0,1,....,K-1}. While the inner product
of signal with wavelet set {¥;;} at location (x.,y.,b.)
represents information about local signal variances.
The convolution results include such information at all
possible locations in space-spectrum domain (x,y,b).

(2)

(b)
Figure 2. (a) An example of hyperspectral face
cube and (b) its Gabor transform.

2.2. Feature Extraction

Given a set of 3D Gabor wavelets {1, 1=1,2,...,L}
and a hyperspectral face image V(x,y,b), where (x.y)
represents the spatial coordinates in space domain and
b denotes the wavelength of spectral band, the
convolution result  contains important information
about signal variances in the hyperspectral data V.
Figure 2 shows an example of hyperspectral face
image volume and its convolution result with the 3D
Gabor wavelet shown in Figure 1(a). While the face
cube shows variations across both spatial and spectral
domains, the magnitude of convolution output reflects
the strength of such variations. The coefficient
Gl(x,y,b) extracted at location (x,y,b) in the spatial-
spectrum domain contains important information about
local signal variations in the frequency of applied
Gabor wavelet. To include all local information, a
feature vector X; can be generated by concatenating the
magnitude of convolution outputs at different locations:

X, =[[6,00,0,0)|-|G,(x,».0)| - |G, W ~1,H ~1,B-1) ]

)



where W and H are the width and height of face image
in space domain, B is the number of spectrum bands.
The dimension of feature generated by wavelet / is thus
WxHxB. Similar to wavelet analysis, the feature
extracted by all L wavelets can be combined as:

X = [X]~-~X[~-~XL]

“4)
3. Experimental Results

3.1. Dataset

The publicly available HK-PolyU Hyperspectral
Face Database [13] is used in the experiments for
testing. To get multi-spectrum data, a CRI’s VariSpec
LCTF was used to filter the light with wavelength less
than 400nm and greater than 720nm [5]. With a step
length of 10nm, the spectral range produces 33 bands
in all. The face images were captured from 48 young
volunteers (13 females and 35 males) at different
sessions. In each session, frontal hyperspectral face
samples with neutral expression were collected for
each subject. While at least 4 sessions were collected
for the first 25 subjects, one or two sessions are
available for the remaining individuals. The eye
coordinates were manually located and each face was
cropped and rotated with reference to the eye locations
and resized to size 64 X 64. Figure 3 shows the first 32
bands of an example hyperspectral face. The 33™ band
was not included in the figure due to the space reason.

Figure 3. The first 32 bands of an example
hyperspectral face image.

3.2. Results

The testing protocol described in [5] was adopted
here. In this protocol, 25 subjects with 4 data cubes of
frontal hyperspectral face images available are selected
for testing. For each subject, two of the four cubes
were randomly selected as gallery and the remaining
two were used as probe. The process was repeated 6
times and the average accuracy was recorded. To keep
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the same settings as [5], the first six and last three
bands, as shown in Figure 4, were removed due to high
noise, leaving 24 spectral bands in total. As a result,
the results reported in [5] are directly comparable with

our method.
We first test the performance of the proposed

Figure 4. The removed nine bands
Gabor features using 52 wavelets according to Eq. (3).
In this paper, we set f,,,=0.25, I=/=K=4. A set of 52
wavelets {¥,, I=1,2,...,52} could thus be produced for
feature extraction. The frequency f takes the
amplitudes of [0.25, 0.125, 0.0625, 0.0363] with ¢ and
@ set as the values of [0, 7/4, /2, 37/4], respectively.
After convolution with the hyperspectral face, each
wavelet W; could contribute a feature X; with
dimension 64x64x33=135, 168 when 33 bands were
used. The 52 features extracted by different Gabor
wavelets were tested individually and accuracy of the
best one was recorded.

All of the 52 features X; generated by individual
Gabor wavelets were then combined to a single feature
vector (see Eq. (4)) to represent signal variances at
different scales and orientations. The dimension of
feature vector is thus 52 times that of X, which is
already very high. Downsampling is first used to
reduce the dimension of feature vector for computation
and memory efficiency. We tested different
downsampling rates in both spatial and spectrum
domain. Considering both accuracy and efficiency, we
choose 4 and 3 as the rate in spatial domain and
spectrum domain, respectively. The dimension of
combined Gabor feature can thus be greatly reduced.

To make a comparison with other methods in
literature, we also implemented the spectrum features
used in references [2], [3] and the spectral Eigenface
proposed in [6]. The commercial face recognition
software used in [4] is not available for testing in this
paper. For spectrum feature, four facial regions
corresponding to forehead, left cheek, right cheek and
lips were used. For spectral Eigenface, the value of
pixel 7 in spectral-face was assigned as the value of
corresponding pixel in band b, which is the remainder
of i divided by number of bands.

The performances of the proposed 3D Gabor
feature based methods and these approaches in
literature, are listed in Table 1. Though spectrum
feature was reported to achieve robust performance in
[2] and [3], where hyperspectral data were collected
over the near-infrared (0.7-1.0um), its performance in




this test is not satisfactory for hyperspectral data
collected in visible spectrum (0.4-0.72m). Due to the
incorporation of spatial information, both spectral
Eigenface and 2D PCA improve the accuracy to above
70%. When the individual Gabor feature achieved
82% accuracy, the combined Gabor feature
substantially improves the performance to as high as
91.3% (std: 2.42%). The performance proves the
effectiveness of 3D Gabor wavelets for feature
representation in joint spatial-spectral domain. Note
that the best individual Gabor feature was extracted
using wavelet with frequency 0.0625 and orientation
(374, 314).

TABLE 1. PERFORMANCES

Method Accuracy
Spectrum Feature [2] [3] 45.35%
Spectral Eigenface [6] 70.33%
Fusion of 2D PCA [5] 79.00%
Best Individual 3D Gabor 82.00%
Combined 3D Gabor 91.30%

4. Conclusions

In this paper we proposed a 3D Gabor wavelet
based approach for hyperspectral face recognition. As
a comparatively new research area, the works done in
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