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Abstract. In this paper, we extensively exploit the discriminative ori-
entation features of palmprint, including the principal orientation and
corresponding orientation confidence, and further propose a local orien-
tation binary pattern (LOBP) for palmprint recognition. Different from
the existing binary based representation methods, the LOBP method
first captures the principal orientation consistency by comparing the
center point with the neighbor sets, and then captures the confidence
variations by thresholding the center confidence with neighborhoods so
as to obtain orientation binary pattern (OBP) and confidence binary
pattern (CBP), respectively. Furthermore, the block-wise statistics of
OBP and CBP are concentrated to generate a novel descriptor, namely
LOBP, of palmprint. Experiment results on different types of palmprint
databases demonstrate the effectiveness of the proposed method.

Keywords: Biometric · Palmprint recognition · Orientation binary pat-
tern · Confidence binary pattern

1 Introduction

As one of relative new and emerging biometric traits, palmprint contains not
only the line based features but also the ridge and minutiae points [1–3], which
are considered to be immutable and unique to an individual. Therefore, palm-
print has been corroborated to have the merits of high distinctiveness, and palm-
print based personal authentication has a wide range of civilian, commercial and
forensic applications [3].

In past decades, many methods were proposed for low-resolution palmprint
recognition. The existing methods of palmprint recognition can be roughly
grouped into four categories, including line-based methods, orientation-based
methods, subspace-based methods and representation-based methods. The rep-
resentative work of the line-based methods is generally based on the principal
c© Springer International Publishing AG 2017
J. Zhou et al. (Eds.): CCBR 2017, LNCS 10568, pp. 213–220, 2017.
https://doi.org/10.1007/978-3-319-69923-3_23



214 L. Fei et al.

lines and wrinkles of palmprint [4]. However, the performance of the line-based
methods is not very good for the line features of a palmprint are relatively lim-
ited. Therefore, the orientation-based methods are developed. Typically, Zhang
et al. [5] designed a palmcode method by extracting and coding a certain orien-
tation feature of palmprint. Later, a large number of orientation based coding
methods are proposed. The representative methods include the competitive code
[6], ordinal code [7], half orientation code (HOC) [8], and discriminative robust
competitive code (DRCC) [9] methods. In addition, subspace and representation
based classification methods can also be used for palmprint recognition. To sum
up, the orientation-based methods are the most popular and competitive in the
family of palmprint recognition methods [10].

Recently, the study of local texture representation is very active, and vari-
ous local texture descriptors have been proposed for image processing. Among
them, local binary pattern (LBP) [11] is one of the most powerful one due to
its high efficiency and low computation complexity. Extensive works [12] have
demonstrated that the LBP based methods are able to achieve reliable perfor-
mance for image-based recognition. Inspired by that, LBP has begun to use for
palmprint recognition [13]. Nevertheless, these methods generally extract LBP
on the raw data without extensively considering the characteristics of palmprint.
In this paper, we propose a local orientation binary pattern (LOBP) for palm-
print recognition. A novel orientation binary pattern is proposed to represent
the principal orientation consistency, and a new a confidence binary pattern
is designed to describe the changes of the orientation confidence. Further, the
block-wise statistical values of OBP and CBP are effectively combined to form
a LOBP descriptor. Extensive experiments on three benchmark palmprint data-
bases validate the effectiveness of the proposed method.

The remainder of this paper is organized as follows. Section 2 proposes a
local orientation binary pattern for palmprint representation and recognition.
Section 3 evaluates the proposed method and presents the experimental results.
Section 4 offers the conclusion this paper.

2 Local Orientation Binary Pattern

In this section, we propose a local orientation binary pattern for palmprint rep-
resentation and recognition.

2.1 Principal Orientation and Orientation Confidence of Palmprint

The basic principle of orientation feature extraction is using a group of line
detectors with different orientations to detect the principal orientation of palm-
print. Typically, the Gabor filter is one of the most powerful tool for palmprint
orientation detection, which has the following general form:

G(x, y, θ, μ, σ, β) =
1

2πσβ
exp[−π(

x2

σ2
+

y2

β2
)]exp(i2πμ(xcosθ + ysinθ)), (1)
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where i =
√−1, μ is the radial frequency in radians per unit length, σ and β are

the standard deviations of the elliptical Gaussian along the x and y axis, respec-
tively. According to the experiences of [5], the optimal parameters in Eq. (1) are
set as μ = 0.0916, σ = β = 5.6179, and the sizes of the Gabor filter, that is the
ranges of x and y, are defined as 35 × 35. θ defines the orientation of the Gabor
function. In this paper, six different orientations, that is (j−1)π/6(j = 1, 2, ..., 6),
are used so as to define six templates. In palmprint principal orientation extrac-
tion, the real parts of the Gabor filters are convolved with a palmprint:

cj(x, y) = Gr
j ⊗ (255 − I(x, y)), (2)

where Gr
j represents the real part of the Gabor filter with the orientation of

(j − 1)π/6, “⊗” is the convolution operator, I represents an input palmprint
image, and c is the corresponding convolved result between the Gabor templates
and the input palmprint. Based the convolved results, the principal orientation
of palmprint can be obtained as follows:

o(x, y) = arg max
j

cj(x, y). (3)

Intuitively, the convolved results on the principal orientation essentially
reflects the significance and stability of the orientation. Therefore, we treat the
maximum convolved result, that is co(x,y)(x, y), as the confidence of the principal
orientation, which can be obtained as:

co(x, y) = co(x,y)(x, y) = arg max
c

cj(x, y). (4)

2.2 LOBP

It is seen that o(x, y) and co(x, y) essentially reflect the orientation features of
a palmprint. In other words, o(x, y) represents the principal direction, and the
corresponding co(x, y) reflects the confidence of the principal direction. There-
fore, we propose to encode and combine both the principal orientation and the
orientation confidence for palmprint representation and recognition.

Given a line of a palmprint, the points along the line within a small local
region generally have similar principal orientation, which is the orientation of
the line. By contrast, the other points within the local region are not on this
line, which possibly leads to different principal orientations. Therefore, the rela-
tionship of the principal orientations within a small patch essentially reflects the
orientation change trend. The relationship of the principal orientation within a
local neighbor area can be represented as follows.

OBP =
8∑

i=1

e(oi, oc)2i, (5)

where oc is the principal orientation of a central pixel, and oi denotes the prin-
cipal orientation of the neighbor pixels. In this paper, the neighbor region is
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empirically defined as the (8,1) neighbor sets [11], that is, the central point is
compared with the most nearest eight points. e(u, v) is 1 when u equals to v,
and 0 otherwise.

The maximum convolved results on the principal orientation, that is co(x, y),
essentially represent the confidence of the principal orientation. The difference
of co within a (8,1) neighboring patch can capture the orientation confidence
variances, which can represented as:

CBP =
8∑

i=1

s(co,i − co,c)2i, (6)

where co,c and co,i denotes the orientation confidence of a central pixel and corre-
sponding neighboring point, respectively. s(u) is 1 when u > 0, and 0 otherwise.
Unlike conventional LBP, CBP is based on the convolved results, which should
be more stable and robust than using the raw data.

Since o(x, y) and co(x, y) carry highly correlated information, OBP should
be combined with CBP. In general, different areas of a palmprint usually have
different line and texture feature so as to carry different orientation features.
Therefore, we propose to use block-wise statistics of the OBP and CBP to form
a global palmprint descriptor. Specifically, given a palmprint image, we uniformly
divided it into a set of non-overlapping blocks, the sizes of which are empirically
set to 16×16 pixels. For each block, the principal orientation and corresponding
confidence are respectively extracted so as to obtain the OBP and CBP maps,
and further to compute the histograms of OBP and CBP, respectively. After
that, we concentrate the block-wise OBP based histogram and CBP based his-
togram to obtain a global histogram of the palmprint, which is named as the
local orientation binary pattern (LOBP). Figure 1 shows the framework of our
proposed LOBP method.

Fig. 1. The basic idea of the LOBP method.

2.3 LOBP Based Palmprint Matching

Given two compared palmprint images, the LOBP based descriptors of them are
first calculated. Then, the simple and effective Chi-square distance is employed
to determine the similarity of them as follows.
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χ2(P,Q) =
Nm∑

i=1

(pi − qi)2

pi + qi
, (7)

where P and Q denote two LOBP descriptors of two palmprint images, and pi
and qi are the value of P and Q at the i − th bin, respectively.

3 Experiments

In this section, we evaluate the effectiveness of the LOBP method on three widely
used palmprint databases.

3.1 Palmprint Databases

The PolyU palmprint database contains 7,752 palmprint images, which were
captured from 193 different individuals, and a palm provided about 20 sam-
ples. The PolyU database is available at “http://www4.comp.polyu.edu.hk/
∼biometrics/”.

The multispectral palmprint database includes four palmprint databases,
including the Red, Green, Blue, and NIR palmprint databases. Each database
consists of 6,000 samples corresponding to 250 individuals for both the left and
right palms, and each palm provides 12 palmprint images. In this study, we
adopt the Green spectral palmprint database, referred as M Green database, to
conduct the experiment. The M Green database can be downloaded at “http://
www.comp.polyu.edu.hk/∼biometrics/”.

The IITD palmprint database consists of 2,601 palmprint images correspond-
ing to 230 subjects with 460 palms, each of which provided 5 to 6 samples.
The IITD database is available at “http://www4.comp.polyu.edu.hk/∼csajaykr/
IITD/”.

3.2 Palmprint Verification

Palmprint verification [5] is a procedure of one-to-one palmprint matching, which
answers the question that whether a query palmprint is from the same palm of
a gallery palmprint. A palmprint matching is called as a genuine match when
the query palmprint is from the same palm as the gallery palmprint; otherwise,
the comparison is considered as an impostor match. In other words, a genuine
match is an intra-class comparison and an impostor match represents an inter-
class comparison.

In palmprint verification experiments, a palmprint image in a database will
be matched with all other samples using the LOBP method. Then, we calculate
the False Acceptance Rate (FAR) and Genuine Acceptance Rate (GAR), and
further draw the ROC curve. Moreover, the conventional state-of-the-art meth-
ods, including the competitive code [6], ordinal code [7], BOCV [14], E-BOCV
[15], HOC [8] and DRCC [9] methods, are also implemented to compare the pro-
posed LOBP method. The ROC curves drawn based on different methods are

http://www4.comp.polyu.edu.hk/~biometrics/
http://www4.comp.polyu.edu.hk/~biometrics/
http://www.comp.polyu.edu.hk/~biometrics/
http://www.comp.polyu.edu.hk/~biometrics/
http://www4.comp.polyu.edu.hk/~csajaykr/IITD/
http://www4.comp.polyu.edu.hk/~csajaykr/IITD/
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Fig. 2. ROC curves obtained based on different methods on the PolyU, M Green, and
IITD databases, respectively.

shown as in Fig. 2. It is seen from the figure that the proposed method always
obtain a higher GAR than other methods on a certain FAR on three palmprint
databases. Therefore, the proposed method can achieve the smallest Equal Error
Rate (EER) among all methods. In addition, we also test the LBP method on
palmprint recognition. However, the result is a very bad, and thus not included
in this paper.

It is worth mentioning that the proposed method performs much better than
other methods on the IITD database. The possible reason is that the palmprint
images of IITD database present serious variances on projection, rotation and
translation. The LOBP method generally based on the differences of the center
points within neighbor sets, which effectively improve the robustness to the
illumination changes.

3.3 Palmprint Identification

Palmprint identification [8] is the process of one-against-many palmprint com-
parison, which answers the question that which palm of a query palmprint image
is from. In general, some palmprint images with already known labels are selected
as the training samples in advance. Then, a query palmprint image is compared
with all the training samples, and find out the label of the most similar train-
ing sample with the query sample. In our experiments, we randomly determine
n(n = 1, 2, 3, 4) palmprint images from a palm as the training samples, and cor-
respondingly use the rest palmprint images as the query samples. In the experi-
ment, we employ the rank-1 identification accuracy to measure the performance
of palmprint identification. Also, the representative methods, including the com-
petitive code, ordinal code, BOCV, E-BOCV, HOC and DRCC methods, are run
and compared with the LOBP method. In addition, all cases are performed for
5 times, and the mean identification accuracies are reported. The comparative
experimental results on different palmprint databases are summarized as Fig. 3.
It is seen that, with the same situation, the proposed method can achieve the
highest accurate rate among all methods.
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Fig. 3. Accuracy (%) of palmprint identification with using different methods on the
PolyU, M Green, and IITD databases, respectively.

3.4 Comparison of OBP and CBP

To verify the effectiveness OBP and CBP, we perform palmprint verification
with using single OBP and single CBP, respectively. Specifically, we respectively
use the block-wise histograms of OBP and CBP to form two kinds of palmprint
descriptors, and the Chi-square distance is used in the matching stage. The
ROC curves of using OBP descriptor and CBP descriptor on three palmprint
databases are respectively shown in Fig. 4, in which the ROC curve of LOBP is
also included. From the comparative results, we can see that the LOBP performs
better than both the OBP and CBP. Therefore, combining the OBP with CBP,
that is LOBP, can effectively improve the performance of palmprint recognition.

Fig. 4. The ROC curves obtained based on the OBP, CBP and LOBP on the PolyU,
M Green, and IITD databases, respectively.

4 Conclusions

In this paper, for exploiting the principal orientation features and correspond-
ing orientation confidence, a novel local orientation binary pattern (LOBP)
is proposed for palmprint recognition. Specifically, the principal orientation is
compared within the neighboring sets to obtain the orientation binary pattern
(OBP), and the orientation confidence is binarized by thresholding within a local
patch to obtain the confidence binary pattern (CBP). The block-wise histograms
of OBP and CBP are combined to form the LOBP of palmprint. Extensive exper-
imental results on three widely used palmprint databases have demonstrated the
effectiveness of the proposed method.
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