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Abstract

tion attracts lots of research interests and it is regarded as
one promising biometric technique.

Many related studies have reported promising results in
ﬁnger vein recognition, but it is still challenging to perform
robust image retrieval, especially in the application scenarios with large scale populations. With the purpose in consideration, this paper presents a binary search path of hierarchical vocabulary tree based ﬁnger vein image retrieval
method. In detail, a vocabulary tree is built based on the local ﬁnger vein textons by the hierarchical k-means method.
Each image patch is represented by the binary path in the
search of its most similar leaf node, and the value of each
bit in the path is labeled as 1 or 0 according to whether
the corresponding node is passed or skipped in search. The
similarity of two images is deﬁned as the number of overlapped bits in all involved path pairs. And, the enrolled
images with top t scores in the sorted score vector will be
selected as candidates to narrow the search space. Experimental results on ﬁve ﬁnger vein databases conﬁrm that the
proposed method can improve the retrieval performance on
both accuracy and efﬁciency.

Although many accomplishments have been achieved in
ﬁnger vein recognition, one ignored but existing challenge
is how to improve the matching efﬁciency. This problem
is extremely tough in the application scenarios with large
scale populations. Fortunately, image classiﬁcation and image retrieval are two effective solutions to the problem. In
the ﬁrst solution, images are categorized into several classes, and the probe image is only matched with the enrolled
images in one speciﬁc class to reduce the matching cost.
There are some related examples, i.e., local ridge distribution models based ﬁngerprint classiﬁcation [5], directional
pattern and singularity feature based ﬁngerprint classiﬁcation [3] and hierarchical visual codebook based iris classiﬁcation [14]. There are also several ﬁnger vein image related
studies [17, 13, 15]. The hierarchal classiﬁcation framework [17] is a representative example. In the framework,
image quality features (i.e., gradient, image contrast and
information entropy) and image content features (i.e., moment invariant feature, wavelet coefﬁcient and Gabor ﬁlters)
are respectively used in the ﬁrst and second layer. However,
quality features will cause the imbalance problem between
different ﬁnger vein categories, as the number of high quality images is much larger than it of low quality images. So,
image quality based classiﬁcation cannot thoroughly overcome the matching efﬁciency problem.

1. Introduction
Finger vein recognition uses the internal vein pattern
in ﬁnger palmar sider to perform identity authentication.
In ﬁnger vein image capturing, the near infrared light
with wavelength between 700 and 1000 nanometers is always used, as the light can be intensively absorbed by the
hemoglobin in vein, but easily transmit other ﬁnger tissues [4]. Compared with other biometrics, ﬁnger vein has
some unique advantages [20, 12], which mainly focus on
four points: (1) There is no need to worry about the duplication of ﬁnger vein by touching somewhere, as ﬁnger vein
is under the skin; (2) Vein pattern can only be captured in a
living ﬁnger, so vein pattern based recognition has high security; (3) The size of image capturing device is quite small
and portable; and (4) For most of us, everyone can get 10
ﬁnger vein patterns at most and all of them are discriminative, hence it is alternative and ﬂexible to perform identity
authentication. With these advantages, ﬁnger vein recogni-

Compared with image classiﬁcation, in which the probe
image will be matched with a part of the enrolled images,
image retrieval is more available to narrow down the matching space. The reason is that only top t candidates will be
selected and further matched with the probe image by image retrieval. The retrieval techniques has been investigated
in many biometric traits, for instance, ﬁngerprint geometric hashing [19] and local feature based iris retrieval [9].
Recently, locality sensitive hashing (LSH) was derived to
conduct ﬁnger vein image retrieval [18], which is only one
existing image retrieval related study in ﬁnger vein recognition. In the method, the vein pattern was extracted by the
repeated line tracking [10], and it was further encoded according to whether the number of vein point in an image
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Figure 1. Examples of similar local vein patterns. These two images are from different ﬁngers, but some local vein patterns in the
rectangle with same color are very similar.
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patch is above the predeﬁned threshold or not. Based on the
encoded vector, the candidates are returned by LSH principle. However, there are several limitations in the method:
(1) About base feature extraction, the repeated line tracking
method is quite time-consuming, especially for large size
images; and (2) About the LSH, the random variation of
hash function may have big inﬂuence on the retrieval performance, and the additional memory is required to store
the hash tables.
This paper tries to employ the intrinsic characteristics of
ﬁnger vein in image retrieval to further improve the retrieval
accuracy and efﬁciency. In ﬁnger vein images, some local
vein patterns are similar and appear repeatedly (as shown in
Fig. 1), which are viewed as vein textons in Ref. [2]. And
the paper has proved that vein textons were very effective
in ﬁnger vein image representation. As the textons can express the local characteristics of ﬁnger vein, i.e., the shape,
the growth direction and so on, we also use vein textons
to represent ﬁnger vein image. In addition, to do fast retrieval, it is better to encode the representation into binary
pattern. Considering the advantages of tree based retrieval
in speed and capacity [11], we use a hierarchical vocabulary tree with vein textons as nodes to conduct the encoding
process. In one word, this paper attempts to use the binary
pattern representation of ﬁnger vein image to perform image retrieval by integrating vein textons and the hierarchical
vocabulary tree.
More speciﬁcally, the binary search path in the hierarchical vocabulary tree of ﬁnger vein image is employed in image retrieval in this paper. The hierarchical vocabulary tree
is built based on the local features of image patches by multilayer k-means. All the clustering centers in k-means are
viewed as ﬁnger vein textons, and will be used as the nodes
in the vocabulary tree. For each patch in the probe image,
its most similar leaf node in the built tree is searched from
root node, and all the tree nodes are labeled as 1 or 0 according to whether the node is passed or skipped in search.
The labeled binary search path of all patches will be used
as the retrieval feature of one image. The similarity scores
between the sparse binary paths of the probe and enrolled
images are measured by the number of overlapped bits, and
sorted to return the top t candidates.

Figure 2. Flow diagram of proposed retrieval method.

The rest of the paper is organized as follows. Section 2
describes the proposed retrieval method in detail. Section 3
reports the experimental results and gives a comprehensive
analysis. Finally we draw the conclusion in section 4.

2. Proposed Retrieval Method
To perform ﬁnger vein image retrieval, we ﬁrstly construct the hierarchical vocabulary tree based on the local
feature of image patches by iterating k-means. Then, we
represent each patch in one image by the binary search path
of the patch’s most similar leaf node. Last, the similarities
of the probe image and all enrolled images are deﬁned as
the number of overlapped bits in all patch pairs, and based
on the similarity scores the candidates will be selected. The
ﬂow diagram of the proposed binary search path based ﬁnger vein image retrieval method is shown in Fig. 2. In
the following, we will detail the related three steps, mainly
including hierarchical vocabulary tree construction, binary
search path tracking, and candidate selection.

2.1. Finger Vein Texton based Hierarchical Vocabulary Tree Construction
We exploit ﬁnger vein textons to construct the hierarchical vocabulary tree. Finger vein textons have two advantages in image representation: (1) These textons carry the
intrinsic characteristics of ﬁnger vein, for example, the local shape and growth direction of vein branch; and (2) It is
very effective to represent ﬁnger vein images by the vein
textons. Considering these advantages, the ﬁnger vein textons are learned and further used as tree nodes to represent
ﬁnger vein image.
The process of the tree construction can be regarded as
the hierarchical k-means clustering of image patches. Similar to the existing study [2], k-means is used in this paper for
ﬁnger vein texton leaning. But the difference is that we employ the iteration of k-means to construct the hierarchical
vocabulary tree. The training images are ﬁrstly divided into non-overlapped image patches, and the local features are

Algorithm 1 Finger vein texton based hierarchical vocabulary tree construction
Input: Training database P , Layer number L , Cluster number in each k-means k.
Output: Hierarchical Vocabulary Tree C.
1: C0 = [c01 ] = P ; %Root node of the tree
2: for i=1 to L do %Layer number of the tree
3: for j=1 to k i−1 do %Branch number in each layer
4:
ci (j−1)∗k+1,...,j∗k = kmeans(ci−1 j ); %Children nodes of node ci−1 j
5:
ci (j−1)∗k+1,...,j∗k = [ci (j−1)∗k+1 , ci (j−1)∗k+2 , ..., ci (j−1)∗k+(k−1) , ci j∗k ];
6: end for
7: Ci = [ci1 , ci2 , ..., cik , ..., ci (j−1)∗k+1 , ci (j−1)∗k+2 , ..., ci j∗k , ..., ci ki −(k−1) , ci ki −(k−2) , ..., ci ki ];
%All nodes in ith layer
8: end for
9: C = [C1 ; C2 ; ...; CL ]; %All layers in the tree
Return: C.

extracted from these image patches. And then, based on the
local features, we perform the hierarchical k-means clustering to construct the tree. In detail, all the cluster centers in
repeated clustering can be seen as ﬁnger vein textons, and
further used as nodes of the tree. The number of iterations
determines the depth of tree, and the number of clusters in
each iteration ﬁxes the width of tree (i.e., the number of
branches). More detail, in the initial k-means clustering, all
training patches are classiﬁed into k groups, and the center
vectors in all groups will be used as k nodes in the ﬁrst layer of the tree. And in the following clustering, the image
patches in each group are clustered again by k-means to obtain new subgroups, and the center vectors are used as k
children nodes of each node in the ﬁrst layer, which can be
seen as the second iteration. (Note that there may be several
k-means clusterings in each iteration and the number of kmeans clusterings depends on it of nodes in the upper layer
of tree.) There are totally k 2 nodes in the second layer of
the tree. In this way, the iteration may be continued more
times.
Assuming there are D training images, and each
image are partitioned into M ∗ N patches. For all patches, local feature is ﬁrstly extracted. Then a
training local feature dataset is constructed, denoted by
P = [P1 , P2 , ..., Pd , ..., PD ], where Pd is the local
features of the dth images. For this image, Pd =
[p11 , p12 , ..., pmn , ..., pM N ], where pmn is the local feature of the patch on the mth row and nth column. Based
on the training dataset, the tree construction begins. The
k cluster centers in ﬁrst iteration are denoted by C1 =
[c11 , c12 , ..., c1k ], in which c11 , c12 , ..., c1k will be used as
the k nodes in the ﬁrst layer of the vocabulary tree. Then
the images in each cluster of the ﬁrst iteration will be further grouped into k subclusters in the second iteration. Take
c11 as an example. In the second iteration, c11 will be
grouped into k subclusters denoted c11 = [c21 , c22 , ..., c2k ].
All obtained new cluster centers can be represented by
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Figure 3. Construction of a tree with 2 layers and 2 branches.

C2 = [c21 , c22 , ..., c2k , c2 k+1 , c2 k+2 , ..., c2 k2 ], in which
c21 , c22 , ..., c2 k2 will be used as the k 2 nodes in the second
layer of the tree. Like this, the iteration is continued and
new nodes in the next layer of the tree will be produced. If
there are L layers, the tree can be denoted:
C = [C1 ; C2 ; ...CL ]
= [c11 , c12 , ..., c1k ;
c21 , c22 , ..., c2k , c2 k2 −(k−1) , c2 k2 −(k−2) , ..., c2 k2 ;
....;
cL1 , cL2 , ..., cLk , ..., cL kL −(k−1) , cL kL −(k−2) , ..., cL kL ].
(1)
The construction process is summarized in Algorithm 1.
And the construction process of a tree with 2 layers and
2 branches is shown in Fig. 3.
To construct the hierarchical vocabulary tree, we need
to deal with two relevant issues ahead, which are the depth
and width of tree. Although the precise values of depth and
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width are determined by the retrieval performance, two related points are intelligible. The ﬁrst one is that the more
layers and branches of the tree, the larger time cost in the
tree construction and the following retrieval feature extraction. Moreover, as the increase of the number of iterations,
the cluster may not be classiﬁed, which is the second one.
This phenomenon is caused by the facts that the patches in
one cluster are very similar and the number of patches in
one cluster is very small. These two points can give an alternative range for the determination of the depth and width
of the tree.
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Figure 4. An example of binary search path tracking.

2.2. Binary Search Path Tracking
Here, we extract the retrieval feature, i.e., the binary
search path, for the ﬁnger vein image. As the vocabulary
tree is built by the local feature of image patch, in path
tracking, the image is also divided into many patches and
the local feature is extracted from these patches. For each
patch in one image, we will search its most similar leaf node
in the constructed vocabulary tree. The search process starts
from the root node, and ends at the most similar leaf node.
In the process, the node in each layer of the tree, which is
more similar to the input patch than other nodes in the same
layer, will be passed, and the node is labeled as 1 in the
path vector. Other nodes in the corresponding layer will be
skipped and are labeled as 0. The encoded binary search
path will be used as the retrieval feature of the image.
The binary search path of a patch pmn in one image can
be represented by
bmn = {C(pmn )} = {v1 , v2 , ..., vk+k2 +...+kL }
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Figure 5. Various ways of image patch representation. (a) Image
patches and their nearest leaf nodes; (b) Nearest leaf node based
image patch representation; and (c) Binary search path based image patch representation.

(2)

where the dimensionality of bmn is equal to the number of
nodes in the tree, and the passed nodes and the skipped nodes in the search of nearest leaf node is separately labeled
by 1 and 0. For one image, the binary retrieval feature is
B = [b11 , ..., bmn , ..., bM N ]. We give an example to explain how to calculate the binary search path. For one probe
image patch pmn , its nearest leaf node is c23 in the Fig. 4.
The tacking path of the probe image patch is shown as two
bold black lines with arrows in the ﬁgure. In the tracking
of the nearest leaf node, nodes c12 and c23 are passed, and
labeled as 1. But other nodes are skipped in the tracking,
and labeled as 0. So, the encoded binary search path is {0,
1, 0, 0, 1, 0}.
We use an example to quickly illustrate why we use the
binary search path to denote one image patch, not the traditional nearest leaf node. As shown in Fig. 5, there are two
enrolled image patches A, B and one probe image patches
C, and their nearest neighbors are separately the leaf nodes
with numbers 3, 5, and 4. If the nearest leaf node is used
to label the image patch, the absolute difference between A
and C is equal to it between B and C. However, if we use

the binary search path to denote the image patch, the number of overlapped bits between A and C is 1, which is larger
than it between B and C, i.e., 0. In the ﬁrst case, A and B
both can be returned as candidates for C, but in the second
case, A, not B, is the candidate. Obviously, the candidate
in second case is right, which implies the binary search path
is more discriminative than the single nearest leaf node.
Assuming there are M ∗N patches in one image, and one
patch is denoted by a k + k 2 + ... + k L dimensional binary
path, one image will be represented by a binary vector with
M ∗ N ∗ (k + k 2 + ... + k L ) bits. In other words, the binary
2
L
paths can distinguish 2M ∗N ∗(k+k +...+k ) images. If there
are 4 patches in one image, and the dimensionality of the
binary path is 6, the binary paths can represent 224 (about
16, 000, 000) different images. Hence, it is reasonable to
believe that the binary path is powerful even in the scenarios
with large scale populations.

2.3. Candidate Selection
As the binary search path was tracked in the former section, here we will measure the similarity of image pair and

selected the candidates according to the sorted similarity scores. We use the number of the overlapped bits in binary search path to measure the similarity of patch pair. In
Ref. [11], the term frequency inverse document frequency
(TF-IDF) value of each bit is used as a weight to label the
importance of the bit in similarity measurement. For simpleness, we give the equal weight for each bit to replace the
TF-IDF value. At same time, the spatial layout information
of the patch is also considered in similarity measurement. In other words, only if two patched separately from two
images are located at same position, the similarity is valid.
The similarity score of image pair is the total score between
all involved image patch pairs. The probe image will be
matched with all enrolled images, and the similarity scores
will be sorted in descending order. The enrolled images
with top t ranks will be picked as candidates.
Denote the binary research paths of one probe image
I p and the sth enrolled image I s separately as B p =
[bp11 , bpmn , ..., bpM N ] and B s = [bs11 , bsmn , ..., bsM N ]. The
similarity score of these two images sim(I p , I s ) is deﬁned
as the total similarity score of all patch pairs:
sim(I p , I s ) = sim(B p
, Bs)
=

m=1,...,M ;n=1,...,N

f (bpmn , bsmn )

(3)

where m and n are the location indexes of one image patch.
Only if the probe image patch bp and the enrolled image
patch bs are at the same location, the similarity score is calculated. The matching function f of two patches can be
further expressed:

f (bpmn , bsmn ) =
wj fv (vjp , vjs )
(4)
s
s
vjp ∈bp
mn ,vj ∈dmn

where wj is the equal weight for bits in binary path to replace the TF-IDF value. We deﬁne as:

1, if vjp = vjs = 1,
p s
fv (vj , vj ) =
0, otherwise,
subject to j = 1, ..., k + k 2 + ... + k L
(5)
As there are S enrolled images , we will obtain S similarity scores:

Database
POLYU [6]
SDUMLA [22]
MMCBNU [8]
FVUSM [1]
FUSIOND

Finger
number
312
636
492
600
2040

Image number per
ﬁnger
6/12
6
12
12
6

Image
size(pixels)
513*256
320*240
640*480
640*480
96*64

Table 1. Five ﬁnger vein databases we used in experiments
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Figure 6. Typical ﬁnger vein images. (a)-(d) are separately from
four public databases.

3.1. Database and Experiment Settings
To comprehensively evaluate the performance of the proposed retrieval method, ﬁve ﬁnger vein databases are used
in experiments, including four public ﬁnger vein databases,
i.e., POLYU [6], SDUMLA [22], MMCBNU [8] and FVUSM [1], and one ourselves-built fusion database. The details of these ﬁve databases are given in Table 1. Some typical images are illustrated in Fig. 6. In the public databases,
the region of interest (ROI) image with 96*64 pixels is used
in the experiments, which is extracted from the original image by the methods in Ref. [21]. And the fusion database is
built by integrating these four public databases to simulate
the scenario with large scale of populations. As the sizes of
original images from different databases are different, the
integration of these databases is based on the extracted ROI
images. In different databases, the number of images per
ﬁnger is also varied, so we select the ﬁrst 6 images of each
ﬁnger on each database to construct the fusion database.

3. Experiments

In all experiments, six-fold cross validation is used to evaluate the inﬂuence of the randomness of k-means to the
retrieval performance. In other words, the experiments are
conducted six times, and every time we take one image per
ﬁnger as a probe sample and the remainders as the enrolled
ones. The average value and variance value of retrieval accuracies in six times are reported. All experiments are conducted in MATLAB on a PC with Intel i7-4790 3.60GHz
CPU and 8G memory.

In this section, we compare the proposed retrieval
method with the single layer k-means based method and
the state-of-the-art to demonstrate our performance. And,
we also investigate the inﬂuence of the depth and width of
the tree to the retrieval accuracy.

Additionally, in the proposed method, ROI image is partitioned into 12*8 patches each with 8*8 pixels, and local
binary pattern (LBP) is used as based feature to extract the
local feature of image patch [7]. An example of ROI image
and its base feature are shown in Fig. 7.

SIM = [sim(I p , I 1 ), sim(I p , I 2 ), ..., sim(I p , I S )] (6)
The scores will be sorted and the enrolled images with top
t ranks will be selected as candidates.

Database
Top 5
Top 10
Top 20
Top 30
Top 50
Top 100

POLYU
0.9899±2.03e-04
0.9941±7.95e-05
0.9957±3.14e-05
0.9963±2.62e-05
0.9963±2.62e-05
0.9973±9.89e-06

SDUMLA
0.9845±2.41e-04
0.9864±1.87e-04
0.9890±1.16e-04
0.9895±1.02e-04
0.9921±5.83e-05
0.9942±3.42e-05

MMCBNU
0.9925±5.43e-05
0.9941±4.16e-05
0.9961±1.97e-05
0.9961±1.97e-05
0.9967±1.44e-05
0.9975±9.61e-06

FVUSM
0.9963±4.05e-05
0.9973±2.42e-05
0.9976±1.73e-05
0.9976±1.73e-05
0.9976±1.73e-05
0.9987±6.05e-06

FUSIOND
0.9902±3.28e-05
0.9918±2.30e-05
0.9936±1.74e-05
0.9952±1.09e-05
0.9964±8.39e-06
0.9971±5.28e-06

Table 2. Retrieval accuracy (average±variance) of proposed method on multiple databases
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Figure 7. ROI image partition and local feature extraction of each
patch.

3.2. Performance of Proposed Method
We conduct this experiment on all ﬁve databases to examine the performance of the proposed method. The hierarchical vocabulary tree we used has three layers and three
branches. We vary the number of selected top candidates
i.e., t, and give all experimental results with different numbers. The average value and variance value of retrieval accuracies in six-fold cross validation are given in Table 2.
From Table 2, we can ﬁnd that the proposed method
achieves satisfying retrieval performance on all databases.
There are two plausible reasons: (1) The learned ﬁnger vein
textons are very effective in image patch representation; and
(2) As our analysis in Section 2.2, the multidimensional binary search path has high discrimination. It can also be told
that the stability of the proposed method is acceptable by the
variance value of the accuracies in six-fold cross validation.
Owing to the randomness of the cluster centers in k-means
clustering, the nodes of the tree in multiple cross validation
may be varied to some extent, but the binary search paths of
corresponding patches in genuine images in each validation
are unvaried. So, the randomness of k-means has limited
inﬂuence to the retrieval performance. In addition, with the
increment of t from 5 to 100, the retrieval accuracy has improved from about 99% to 99.70%.

3.3. Comparison with Single Layer k-means based
Method
As k-means is iteratively used in the hierarchical vocabulary tree construction, the tree based retrieval method (i.e.,
binary search path as retrieval feature) is compared with the
single layer k-means based one (i.e., nearest leaf node as

Method
POLYU
SDUMLA
MMCBNU
FVUSM
FUSIOND

k-means
0.8568±0.28e-02
0.9387±4.71e-04
0.9175±0.19e-02
0.8625±0.13e-02
0.8690±9.23e-04

Proposed method
0.9899±2.03e-04
0.9845±2.41e-04
0.9925±5.43e-05
0.9963±4.05e-05
0.9902±3.28e-05

Table 3. Comparison of the hierarchical vocabulary tree and single
layer k-mean based methods

retrieval feature) in this section. As there are 27 leaf nodes
in the hierarchical vocabulary tree with three layer and three
branches, we built 27 clusters in the single layer k-means as
the leaf nodes. For the single layer k-means, the frequency
numbers of all leaf nodes in one image are used to represent
the image, and the histogram intersection function [16] is
used to measure the similarity of image pair. The retrieval
accuracies with top 5 candidates of these two methods are
shown in Table 3.
It can be told from the results that the proposed hierarchical vocabulary tree based method outperforms the single
layer k-means based one on all databases. The better performance is mainly attributed to the higher discrimination
of all tree nodes involved binary search path than the nearest leaf node in image representation. In detail, although
the number of clusters in the single layer k-means based
method is same to it of leaf nodes in our method, the former
only uses the nearest leaf node to represent one image patch,
but our method uses the sparse binary codes of all nodes in
searching of the nearest leaf node to represent the patch. It
is evident that the multidimensional binary codes have larger discrimination capacity. And the variance of the single
layer k-means based method is always higher than it of our
method, which implies our method is more stable than the single layer k-means based one on the retrieval performance.
It can be easily understood that the multidimensional binary
search path is more robust than one nearest leaf node.

3.4. Comparison with LSH based Method
We compare our method with the recent state-of-the
art [18] about the retrieval accuracy and efﬁciency on the
fusion database. The accuracies and time costs of two methods are given in Table 4. Note that: (1)The accuracy is
based on top 5 candidates; and (2) The candidate selection

Method

LSH based method [18]
Proposed method

Accuracy

0.9587±2.45e-04
0.9902±3.28e-05

Base feature
extraction
0.9616
0.0158

Time cost (s)
Binary pattern
Candidate
encoding
selection
3.77e-04
0.0328
0.0175
0.1016

Total time
0.9944
0.1349

Table 4. Comparison between our method and the LSH based method on fusion database

3.5. Selection of the Depth and Width of the Hierarchical Vocabulary Tree
Here, we study the inﬂuence of the tree depth and width
to the performance of proposed method. The experiments
are conducted on two databases, i.e., POLYU and SDUMLA. For the depth, the trees with three layers and four layers are considered, and for the width, the branch number
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Figure 8. Retrieval accuracies with different numbers of selected
candidates.







5HWULHYDODFFXUDF\

5HWULHYDODFFXUDF\

includes the similarity measurement of one probe image and
all enrolled images and the sorting of the measured similarity scores. And the time costs on all steps are the average
values per image on the fusion database.
The results in Table 4 show that the proposed method
achieves better performance on both retrieval accuracy and
time cost. The inferior retrieval accuracy of LSH based
method is mostly caused by the number of vein point based
binary pattern encoding. In other words, the binarization
of image patch based on the number of vein point in the
patch makes ﬁnger veins intrinsic characteristics (e.g., the
shape and growth direction of vein branch) seriously lost,
which leads to the limited discrimination of the encoding.
For example, although two patches in different images are
both labeled as 1, the numbers of vein points in these two
patches may have big gap, and even if the numbers are almost equal, the shape and growth direction of vein branch
may be varied greatly. However, the encoding of the probe
image patch is conducted based on its comparison with the
tree nodes (i.e., ﬁnger vein textons) in our method, in which
the intrinsic characteristics of ﬁnger vein can kept.
Furthermore, the total time spent by LSH based method
is more than it spent by our method. For LSH based methods, the time is mainly cost in base feature extraction, i.e.,
repeated line tracking based vein pattern extraction. In the
method, the more tracking times, the more spent time and
the better extracted vein pattern. In order to extract plentiful
vein pattern, the tracking times is always very large, which
causes too much time cost. But the hash table based candidate selection in LSH based method only spends 0.0328,
which is less than ours.
In addition, the variation tendencies of retrieval accuracy
with the increment of selected top candidates are illustrated in Fig. 8 for these two methods. The ﬁgure shows the
proposed method outperforms LSH based method no matter how many candidates are selected, which further proves
the advantage of the proposed method.
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Figure 9. Retrieval accuracies of the vocabulary tree with different
layers and branches. (a) Retrieval accuracies on POLYU database;
(b) Retrieval accuracies on SDUMLA database.

of each parent nodes varies from two to three. Like experiment 3.3 and 3.4, the average retrieval accuracy in cross
validations is also based on top 5 candidates. The accuracies with different layers and branches on two databases are
illustrated in Fig. 9.
It can be clearly noted from the ﬁgure that, the retrieval
accuracy of the proposed method is gradually improved
with the increment of the layer and the branch. But the
improvement between three layers and four layers is very
limited. And in tree construction and binary search path
tracking, the time cost with four layers is larger than that
with three layers. By the trade-off between the retrieval accuracy and retrieval efﬁciency, the tree with three layers and
three branches is believed to be the best choice.

4. Conclusion
In this paper, we employ the binary search path of a hierarchical vocabulary tree to perform ﬁnger vein image re-

trieval. The ﬁnger vein textons are learned and further used
as the nodes of the tree, which can express the intrinsic
characteristics of ﬁnger vein, such as the local shape and
the growth direction of ﬁnger vein. And all the tree nodes
are used to sparsely and comprehensively represent the image patch in the binary search path. The tree nodes based
binary search path has two superiorities: (1) All nodes involved search path is more discriminative than the nearest
leaf node in image patch representation; and (2) The binary search path based similarity measurement is quicker than
other pattern feature based ones, and it is more practicable
in the scenarios with large scale populations. In total, ﬁnger vein texton based tree nodes and the binary search path
based image patch representation work together to accelerate the retrieval efﬁciency and improve the retrieval accuracy.
At this work, we treat all tree nodes (i.e., all bits in binary search path) equally, no matter the middle nodes or the
leaf nodes. It may be meaningful to explore the discrimination of different nodes, and give different weight values to
these nodes according to their discrimination, like the TFIDF value in Ref. [11].
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