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Abstract—A palmprint is a unique and reliable biometric feature with
high usability. In the past decades, many palmprint recognition systems
have been successfully developed. However, most of the previous work used
the white light as the illumination source, and the recognition accuracy
and anti-spoof capability is limited. Recently, multispectral imaging has
attracted considerable research attention as it can acquire more discrim-
inative information in a short time. One crucial step in developing online
multispectral palmprint systems is how to determine the optimal number of
spectral bands and select the most representative bands to build the system.
This paper presents a study on feature band selection by analyzing hyper-
spectral palmprint data (520–1050 nm). Our experimental results showed
that three spectral bands could provide most of the discriminate informa-
tion of a palmprint. This finding could be used as the guidance for designing
new online multispectral palmprint systems.

Index Terms—Anti-spoof, biometrics, clustering, multispectral palm-
print recognition.

I. INTRODUCTION

Biometric authentication is the study of methods for recognizing hu-
mans based on one ormore physical or behavioral traits [1]. As a unique
biometric feature, palmprint recognition has attracted much attention in
the past decade [2]–[5]. It owns many merits, such as high accuracy,
high user-friendliness and low cost. However, there is substantial room
to improve the palmprint systems, especially in the aspects of accuracy
and its vulnerability to spoof attacks [6]. Multispectral imaging is an
effective solution to such improvement [7].
Multispectral imaging could capture a series of palmprint images

at various spectral bands simultaneously, recognition accuracy is
improved as more discriminative information could be provided, and
anti-spoof capability of systems is enhanced, because it is not a trivial
issue to make a fake palm having the same spectral signatures with a
real palm. Because of the advantages mentioned above, multispectral
imaging has been not only applied on palmprint recognition [7]–[10],
but also on other biometric systems, including multispectral finger-
print recognition [11], multispectral face recognition [12], [13], and
multispectral iris recognition [14].
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Fig. 1. Structure and prototype of hyperspectral palmprint imaging system.
(a) Structure of the hyperspectral palmprint acquisition device. (b) Prototype
of hyperspectral palmprint imaging system.

There are two underlying key issues which need to be addressed well
before wide application of multispectral biometrics. First, how many
spectra are enough for discriminating different palms? On one hand,
usually more feature bands provide more information, thus higher ac-
curacy could be expected. On the other hand, more feature bands re-
quire high cost on feature extraction and matching. Furthermore, due to
the redundancy between different spectra, more information may fail
to increase the accuracy sometimes [7], [10]. Second, how to choose
representative spectra for a given number of feature bands? After deter-
mining the number of feature bands, a group of bands could be selected
by some rules, such as divergence [12] and exhaustive searching [15].
The second issue belongs to feature selection [16], and some pioneering
work has been made [12], [15]. However, to our best knowledge, there
is no public report on the first issue for biometric research.
In this paper, we proposed a clustering-based method to determine

the number of feature bands from a hyperspectral palmprint database.
It is found that three spectral bands could contain most of the discrim-
inant information. The finding is also validated by recognition experi-
ments. In the following, Section II introduces the data collection of the
hyperspectral palmprint cube. Section III reports the proposed spectral
-means clustering algorithm. Section IV shows the validation through
verification experiments and Section V draws the conclusion.

II. HYPERSPECTRAL PALMPRINT DATA COLLECTION

To discover the optimal number of feature bands for multispectral
palmprint recognition, a hyperspectral imaging system is established.
The key components of the system include a liquid crystal tunable filter
(LCTF) made by Meadowlark Inc., a charged coupled device (CCD)
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Fig. 2. Main steps of ROI extraction: (a) original image, (b) binary image, (c) boundary tracking, (d) building a coordinate system, (e) extracting the central part,
and (f) ROI sample.

made by Cooke Corporation and two 500-WOsram halogen lights. The
full width at half maximum (FWHM) of the filter is 5 nm when the
center wavelength is 550 nm. A palm could be imaged at 69 spectral
bands with a step-length of 10 nm over spectrum 420–1100 nm. Fig. 1
shows the imaging system.
After obtaining the hyperspectral cube, a local coordinate of the

palmprint image is established in the center band (760 nm), and then a
region of interest (ROI) is cropped from each band based on the local
coordinate. The ROI extraction includes five steps [7]: 1) convert orig-
inal image to a binary image; 2) obtain the boundaries of two gaps,

( ) between the fingers; 3) compute the tangent
line of the two gaps where and are two intersect points
with the tangent line; 4) line up and to get the -axis,
and use the perpendicular bisector of -axis as -axis; 5) extract a
fixed size subimage based on the coordinate. Fig. 2 illustrates the main
steps to extract the ROI.
Fig. 3 shows the ROI samples in different spectra. As shown in

Fig. 3, in the visible spectrum, palm lines are very clear and palm veins
are hard to be found; while in the near infrared (NIR) spectrum, palm
veins become clear and palm lines are weak. In this study, palm veins
are regarded as a kind of special palmprint feature, dark palm lines.
Thus, a typical palmprint recognition method is used here. How to fully
utilize the vein pattern by NIR illumination is out of focus of this study
and thus it will be our future work. For the convenience of analysis,
these ROIs are normalized to a size of . To reduce the inten-
sity effect, the ROIs are converted to have a mean intensity of 128 with
a standard deviation of 20. The first ten and the last five spectra are re-
moved due to the low quality of images [15]. Thus, in the following,
only 54 feature bands (520–1050 nm, with 10-nm intervals) are used.
A large hyperspectral palmprint database from 190 individuals was

built. The subjects were mainly volunteers from our institutes. In the
database, the age distribution was from 20 to 60 years old. The hyper-
spectral palmprint cubes were collected by two separate sessions. The
average time interval between the two occasions was around 1 month.
In each session, the subject was asked to provide around seven cubes of
each of his/her left and right palms, so the database contains 5240 im-

Fig. 3. ROIs extracted from a hyperspectral palmprint cube sample. From left
to right, from top down, wavelength is increasing from 420 to 1100 nm with
10-nm intervals.

ages for each band from 380 different palms. Among them, 2608 cubes
were collected in the first session, while 2632 in the second session.

III. FEATURE BAND SELECTION BY CLUSTERING

A. Review of -Means

The -means clustering algorithm [16] is a basic and well-known
technique in pattern recognition. During the clustering, some points
are clustered into separated classes or clusters according to the given
clustering criterion.
As is a critical input parameter, different values will generate dif-

ferent clustering results. When the is smaller or equal to the true
number of clusters, the center distance is very big; while the is larger
than the true number of clusters, one cluster will be split into small
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Fig. 4. (a) Original data. (b) Number of clusters versus minimal center distance.

clusters, the center distance becomes smaller and stable. The minimal
center distance is defined as

(1)

(2)

where is Euclidean distance, is the cluster center and is the number
of clusters.
Fig. 4 shows an example of -means and its . Fig. 4(a) shows

three clusters which are generated by three separate Gaussian distribu-
tions, while Fig. 4(b) shows the for different values. As illus-
trated by Fig. 4(b), the distance drops quickly from to .
When is bigger than 3, the distance changes slowly. This example
shows that -mean clustering could be used to discover the true number
of clusters. Based on this finding, a spectral -means clustering algo-
rithm is proposed.

B. Introduction of Complex Wavelet Structural Similarity (CW-SSIM)
Distance

Suppose there is a mother wavelet , where
is the center frequency of the modulated bandpass filter and is
a slowly varying and symmetric function. The family of wavelets are
dilated and translated versions of

(3)

where scale factor and translation factor . The contin-
uous complex wavelet transform of a given real signal is [25]

(4)

where and are the Fourier transforms of and ,
respectively. The discrete wavelet coefficients are sampled versions of
the continuous wavelet transform.
To compute the CW-SSIM similarity of two images, we first

compute the complex wavelet transform of them. Denote by

and the
complex wavelet coefficients of the two images. The CW-SSIM
similarity of and is computed as

(5)

Here, denotes the complex conjugate of and is a small
positive constant. is fully determined by the consistency
of phase changes between and . It has been shown that the
CW-SSIM similarity is insensitive to luminance and contrast changes
as well as small translation, rotation and distortion. It achieves the
maximum value 1 only when the two images have the same structure
[17]. The overall similarity of the two palmprint images, denoted by
, can be estimated as the average of CW-SSIM across (
is defined as 6 here) orientations. Finally, the CS-SSIM distance is
computed by .

C. Proposed Spectral -Means Clustering

Suppose we have hyperspectral palmprint cubes with spectra as
the training set, Fig. 5 shows the pseudo-code of the algorithm where

( , the first 6 cubes of each palm were selected),
and .

Because there is the possibility that the clustering ends at local min-
imal instead of global minimal, for a given , the clustering runs 1000
times and the most frequent cluster centers are kept as the final result
for the given . Fig. 6 shows the minimal center distance for different
numbers of clusters.
Fig. 6 shows that three clusters may be enough to represent the 54

feature bands. The cluster result is listed in Table I and the dis-
tance map between different wavelengths is plotted in Fig. 7. As it can
be seen from Fig. 7, there are roughly three dark blocks. According to
the spectrum definition [19], the three clusters could be roughly named
as visible spectrum without red, red spectrum and NIR spectrum.

IV. CLUSTERING VALIDATION BY VERIFICATION TEST

To demonstrate whether three is the optimal number of feature
bands, verification experiments are implemented to validate it. Here,
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Fig. 5. Pseudo-code of proposed spectral -means clustering.

TABLE I
CLUSTERING RESULT OF SPECTRAL -MEAN FOR

Fig. 6. Minimal distance of spectral versus .

CW-SSIM distance is selected as the metric for verification test as it is
less sensitive to scale, rotation and translation variation for palmprint
verification [17], [18].
One cube of each palm in the first session is randomly selected as

the gallery sample, thus totally 380 gallery images are selected for one
feature band; all the cubes in the second session are used as probe sam-
ples, and totally 2632 probe images for each feature band are used. For
any feature band, the CW-SSIM distance between each sample in the
gallery set and each sample in the probe set is computed. The distance is
0 only when the two images are identical. Totally, there are 1 000 160
( ) CW-SSIM distances for each feature band. A match is
counted as genuine if the two palmprint images are from the same palm;
otherwise, the match is counted as an impostor. Among them, 2632

Fig. 7. Distance map between different feature bands. Distance is converted
from [0, 1] to [0, 255] for display.

distances are genuine matching distances while the remaining are im-
postor matching distances. Equal error rate [(EER) when false accep-
tance rate (FAR) equals to false rejection rate (FRR)] is used to evaluate
the accuracy [7]. To get unbiased results with the training gallery se-
lection, the gallery set is selected three times independently.
Then, one cube of each palm in the second session is randomly se-

lected as the gallery sample, therefore, totally 380 gallery images are
selected for one feature band; and all the cubes in the first session are
used as probe samples, so in total 2608 probe images for each feature
band are used. We use the same test protocol for each wavelength, and
get 991 040 ( ) matching distances for each feature band.
Among them, 2608 distances are genuine matching distances while
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TABLE II
FUSION RESULTS FOR DIFFERENT NUMBER OF FEATURE BANDS

Fig. 8. Wavelength versus EER.

the remaining are impostor matching distances. Similarly, the gallery
set is selected three times independently. Thus, in total six verification
trials are implemented. In the following, the average EER of the six
trials is listed as experimental results. Fig. 8 illustrates the EER with
different wavelengths. The lowest EER is achieved by 790 nm with
EER .
To find the optimal combination for a given number of feature bands,

many algorithms could be used to search for the combination, such as
divergence [20], mutual information [21], and entropy [22]. Here, an
exhaustive search is implemented as it will find the optimal combina-
tion for the given dataset. Sum score level fusion [23] is used as the
fusion technique on the dataset. The lowest EER for each combination
is listed in Table II.
Table II shows that more feature bands corresponds to higher accu-

racy. For example, the fusion of two bands could reduce the EER from
0.222% to 0.1039%. However, the improvement from three bands to
four bands is very small. It is only 0.0053%. Using statistical analysis
[24], the difference between the fusion of four bands and three bands is
not statistically significant. And as shown in Table I, 580 nm, 760 nm,
and 990 nm come from three different clusters. These findings are con-
sistent with the results obtained in the previous section: three spectra
are enough for a palmprint. This is mainly because that human skin is
made up of three layers: the epidermis, dermis, and subcutis, as shown
in Fig. 9. Each layer contains a different proportion of blood and fat.
The epidermis also contains melanin, while the subcutis contains veins
[26]. Different light wavelengths will penetrate different skin layers
and illuminate in different spectra. Thus, visible spectrum without red
(580 nm), red spectrum (760 nm) and NIR (990 nm) spectrum could
enhance different layers of palm and contain most of useful features
for palmprint verification.
Fig. 10 shows a multispectral palmprint example. As shown in

Fig. 10, a 580-nm palmprint image contains clear palm line informa-
tion only, and a 760-nm palmprint image has palm lines and weak

Fig. 9. Cross-section anatomy of the skin [7].

Fig. 10. Multispectral palmprint sample. (a)–(c) Three palmprint images of a
true palm. CS-SSIM distance between two images is shown on or near a double
arrow curve. (a) 580 nm. (b) 760 nm. (c) 990 nm.

palm veins, while a 990-nm palmprint image could get clear palm
veins and weak palm lines. Since different palmprint image under
different wavelengths could enhance different skin layers and features,
with the increase of the wavelength difference, the CS-SSIM distance
illustrated in Fig. 10 increases. Because it is difficult to make a fake
palm with complicated skin layers, the faked palmprint images under
different wavelengths are very similar [7]. Thus, liveness detection
could be applied by analyzing the distances between different wave-
lengths.

V. CONCLUSION

In this paper, a spectral -means clustering algorithm is proposed to
cluster hyperspectral palmprint cubes. The clustering could be used to
determine an optimal number of feature bands. The result shows that
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three feature bands may be enough to represent the palmprint features.
Based on score level fusion and exhaustive searching on all fusion
candidates, three feature bands could get much better results than two
bands and it can get comparable results with four bands. This finding
validates the effectiveness of the proposed clustering algorithm and it
is empirically demonstrated that three feature bands is a good option
for real multispectral palmprint applications. In the future, a new online
multispectral palmprint system will be designed based on the findings
in this paper.
However, the hyperspectral database is limited to Chinese persons

only. Whether the finding is applicable to other groups needs further
investigation. In this study, the palm vein is regarded as a kind of special
palmprint feature, dark palm line, thus, a typical palmprint recognition
method is used. Another research direction is how to fully utilize the
vein pattern in NIR illumination [27].
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