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Abstract. In finger vein recognition, the input image is generally labeled in
accordance with the nearest enrolled neighbor. However, it is so rigid that it is
inadequate for some cases. This paper explores a modified sparse representation
method for finger vein recognition. In the method, each block in a finger vein
image will be sparsely represented by dictionary textons, not simply labeled by
the nearest enrolled block, and the representation coefficients of all blocks are
arranged to be a two-dimensional histogram to model the image. As textons is
learned from local vein pattern, not global vein pattern. Therefore, for encode
global geometric information of finger vein pattern, the representation
coefficient histogram is projected to different lines, and then connected in
parallel to generate more powerful image features. Extensive experiments on
the HKPU finger vein database show the effectiveness of the modified sparse
representation method in finger vein recognition.
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Introduction

Finger vein, a new physiological biometric trait, has been explored for personal
identity by research groups in recent years. As near-infrared light can be absorbed by
the hemoglobin in finger vein, but can transmit other finger tissues, it is used to
capture finger vein pattern, which will be shown as shadow patterns in image [1].
Like other biometric traits, finger vein has several desirable properties, for example,
universality, distinctiveness, permanence and acceptability. In addition to, it has other
distinct advantages in living body identification, noninvasive and noncontact image
capture and spoofing resistance.
In the post, several algorithms for finger vein feature extraction have been
proposed, which can be categorized into three groups: (1) Vein pattern based
algorithms, for example, repeated line tracking [2], maximum curvature point [3],
mean curvature [4] and Gabor filter [5]. These algorithms first segment vein network,
and then use the topological structure of vein network as vein feature. However, the
segmental results are often unsatisfying in low quality images. (2) Local binary
pattern based algorithms, for example, local binary pattern (LBP) [6], local line binary
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pattern (LLBP) [7] and personalized best bit map (PBBM) [8]. These methods are less
practical in finger vein recognition, because they do not distinguish vein area and
background area of image in feature extraction. (3) Minutia based algorithm [9]. As
the number of minutiae in finger vein is limited, the recognition result of this kind
algorithm is defective.
Although some advancements have been made, a phenomenon may be a hindrance
to the development of finger vein recognition, that the input finger vein image is
generally labeled in accordance with the nearest enrolled neighbor. This kind of
nearest neighbor based classification is so rigid that it is inadequate for some cases.
For example, if the distances between the input image and two or more enrolled
images are very approximate, it is obviously inappropriate to label the input image
based on the nearest enrolled image. Hence, rigid nearest neighbor based
classification may be not optimal.
Recently, the theory of sparse representation (SR) has been successfully used in
pattern recognition. Wright et al. [10] introduced a sparse representation framework
for robust face recognition, in which the original face samples are used as dictionary
to sparsely represent input face image. Yang et al. [11] use the metafaces, learned
from original face images, to represent input face image under the framework of
sparse representation. Xie et al. [12] uses textons learned from image patches to
model texture images in texture classification. Xin et al. [13] introduced sparse
representation for finger vein recognition, in which the dimensionality of finger vein
image is firstly reduced by sparsity preserving projection (SPP), and then SR is used
for finger vein representation in low dimensional space. The method in [13] is based
on the sparse property of finger vein image, but only if the number of training images
is large enough, images can show sparse property.
In finger vein image, some local vein patterns look similar at a certain extent, and
these patterns appear in images at high frequencies, which perhaps can be used as
textons. So, like patch-based sparse texton learning [12], in this paper, we try to use
the combination of blocks in enrolled images to model the input image. But different
from texture image, finger vein patterns have obvious geometric structure. To further
encode geometric information of finger vein pattern, we incorporate the idea of linear
projection [14] into SR, and generate a series of line features.
In detail, in the new SR method, textons in dictionary are learned from blocks in
training images in training process. For an input finger vein image, we first model it
by representing each block in it over all learned textons. Thus, for the input image, a
two-dimensional SR coefficients histogram is achieved. And then, in order to encode
geometric information of finger vein pattern, the two-dimensional histogram is
projected to different lines to generate more powerful line features. Last, the line
feature will be used in matching. The proposed method will meet two goals in finger
vein recognition: 1) the local finger vein pattern can be adequately represented by the
dictionary of textons, and 2) the global spatial information of finger vein pattern can
be encoded effectively by linear projection.
The rest of the paper is organized as follows. Section 2 reviews the concepts of SR.
Section 3 describes the proposed SR method in detail. The experimental results and
analysis are shown in section 4, and section 5 concludes this paper.

2

Sparse Representation based Classification

SR based classification takes root in visual perception mechanism, i.e., that visual
neurons generate sparse representation for visual perception. SR can be used as a
feature descriptor, and its aim is to seek sparse representation for testing signal over
training signals.
Assume there are k classes, and each class i has 𝑛𝑖 training samples, denoted
by 𝐴𝑖 = [𝑠𝑖,1 , 𝑠𝑖,2 … , 𝑠𝑖,𝑛 𝑖 ] ∈ 𝑅𝑚×𝑛 𝑖 , where 𝑠𝑖,𝑗 , 𝑗 = 1,2, … , 𝑛𝑖 , is an m-dimensional
vector stretched from the jth sample of the ith class. Denote by
𝐴 = [𝐴1 , 𝐴2 , … , 𝐴𝑘 ] ∈ 𝑅𝑚×𝑛 the set of training samples from all classes, where 𝑛 =
𝑛1 + 𝑛2 + ⋯ + 𝑛𝑘 , is the number of training sample. For a new sample 𝑦 from the ith
class, if it can be approximately coded as a linear combination of all training samples:
i.e., 𝑦 = 𝐴, where 𝛼 = 𝛼1 , … , 𝛼𝑖 , … , 𝛼𝑘 = [𝛼1,1 , 𝛼1,2 … , 𝛼1,𝑛 1 … , 𝛼𝑘 ,𝑛 𝑘 ], meanwhile
most coefficients in  are nearly zero and only coefficients in 𝛼𝑖 have significant
values, we say y has a sparse representation over training set A. The sparse
representation based algorithm [10] is summarized as follows.
1. Normalize the columns of A to have unit l2-norm.
2. Solve the l1-minimization problem to get representation coefficients of y:
𝛼1 = 𝑎𝑟𝑔 𝑚𝑖𝑛𝛼 ,𝐴 ||𝐴𝛼 − 𝑦||2 + 𝜆||𝛼||1 .
3. Compute the residuals
𝑟𝑖 𝑦 = ||𝑦 − 𝐴𝛿𝑖 (𝛼𝑖 )||2 , 𝑖 = 1,2, … , 𝑘.
where 𝛿𝑖 : 𝑅𝑛 → 𝑅𝑛 is the characteristic function that selects the coefficients
associated with the ith class.
4. Output 𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝑦 = 𝑎𝑟𝑔 𝑚𝑖𝑛𝑖 𝑟𝑖 𝑦 .

3

Modified Sparse Representation

We present the modified SR method in this section. It mainly includes three steps:
local texton learning, feature descriptor and matching. The textons in dictionary is the
fundamental of the proposed method, which is learned from local finger vein pattern.
In feature descriptor, SR coefficients of all blocks in an image constitute a
two-dimensional representation coefficient histogram, and the histogram is projected
onto different lines to generate a series of line features, which is seen as image feature.
In matching, in order to overcome the translation and/or rotation in finger vein images,
multiple model histograms are built for each class.
3.1

Local Vein Texton Learning

Local vein texton learning is illustrated in Fig. 1, and we will present the learning
process at great length in the following.
Before texton learning, all training images are partition into blocks, and some
typical blocks are selected and initialized as dictionary texton. In detail, the image,
randomly selected from database, is partitioned into nonoverlapping blocks with size

of 𝑝 × 𝑝 pixels, and the block is stretched to a w-dimensional vector (𝑤 = 𝑝 × 𝑝).
Hence, using all selected training images, we can construct a training block dataset
𝐵 = 𝐵1 , 𝐵2 , … , 𝐵𝑠 , where 𝐵𝑖 , 𝑖 = 1,2, … , 𝑠 , is all blocks in ith image. For an
image, 𝐵𝑖 = [𝑏11 , 𝑏12 , … , 𝑏𝐶𝑅 ] , where 𝑏𝑐𝑟 , 𝑐 = 1,2, … , 𝐶 𝑎𝑛𝑑 𝑟 = 1,2, … , 𝑅, is one
block in a training image.
Assume there are 100 images selected from database, and each image is partitioned
into 100 blocks, it is totally 10, 000 blocks. If all blocks are used to learning texton,
two limitations will be caused: 1) as the number of blocks is so large that learning
process is very time-consuming, and 2) as the vein pattern in blocks are redundancy,
the learned textons are not representative, which may not represent images well. So,
K-means algorithm is used to determine l typical blocks. The mean vectors of all
clusters are initialized as dictionary, denoted by 𝐷 = [𝑑1 , 𝑑2 , … , 𝑑𝑙 ]𝜖𝑅𝑤 ×𝑙 .
After dictionary initialization, sparse representation is used to optimize dictionary
D and SR coefficients denoted by 𝛬 = [𝛽1 , 𝛽2 , … , 𝛽𝑙 ], and the optimization objective
can be written as
𝑎𝑟𝑔 𝑚𝑖𝑛𝐷,𝛬 ||𝐵 − 𝐷𝛬||2𝐹 + 𝜆||𝛬||1 ,

(1)

This joint optimization problem is solved according to the method proposed in [11,
15]. The optimized dictionary D is based on the image block, not the whole image,
and its texton is local vein pattern, not whole vein pattern in finger. Therefore, we call
this learning process local texton learning.
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Fig. 1. Dictionary learning. K-means is used to gain typical image blocks and initialize as
texton; and SR is used to optimize textons to get the dictionary

3.2

Feature Extraction

Dictionary learning has been introduced in the above section, and in this section we
will describe how to use learned dictionary to represent finger vein image. In feature
descriptor of finger vein image, we not only seek the effective representation of image
block in locality, but also encode the spatial relationship of blocks from global
perspective.
For a given finger vein image, we first partition it into nonoverlapping blocks with
size of 𝑝 × 𝑝 pixels like training blocks, and then the learned dictionary is used to
sparsely represent each block. The following problem is solved to get the SR

coefficients:
𝑎𝑟𝑔 𝑚𝑖𝑛𝛽 𝑖𝑗 ||𝑏𝑖𝑗 − 𝐷𝛽𝑖𝑗 ||22 + 𝜆||𝛽𝑖𝑗 ||1 ,

(2)

We use the method proposed [15] to solve this problem. Thus, for block 𝑏𝑖𝑗 at ith
row and jth column of an image, we can obtain a coefficient vector 𝛽𝑖𝑗 saved in
sub-histogram hij. And we arrange the sub-histogram hij according to the position of
the block 𝑏𝑖𝑗 in image. So, for an image, a two-dimensional SR coefficient histogram
can be achieved, shown in Fig. 2.
Although the locality of finger vein image is sought by sparsely representing each
block over the learned dictionary, the global geometric information of finger vein
pattern, i.e., the spatial relationship of blocks, has not been encoded. Hence, the idea
of liner projection is used to encode geometric information of finger vein pattern from
global perspective. For the achieved two-dimensional SR coefficient histogram, we
project it onto lines with arbitrary angle to get a family of one-dimensional histogram,
called line features, which is can depict the geometric information of global finger
vein pattern. In finger, vein pattern is always parallel to finger, or grows at 450 or 1350
angle with finger. Hence, projections with 00, 450, 900 and 1350, are taken to
maximize the geometric information of finger vein pattern, receiving four
one-dimensional histograms H0, H45, H90 and H135, shown in Fig. 2. Projection is a
process of sum calculation for above achieved two-dimensional SR coefficient
histogram along certain direction. We take H90 as an example to explain the projection
process. For each column of above achieved two-dimensional histogram, we calculate
the sum of the column as one element in H90. All line features will be connected in
parallel to be two-dimensional histogram H as the feature of an image.
3.3

Matching

As the feature of finger vein image is in two-dimensional histogram, Chi-square
distance is used to measure the similarity between the input and enrolled images, as
following:
(𝐻𝑖 − 𝐻𝑦 )2
(3)
𝑑𝑐ℎ𝑖−𝑠𝑞𝑢𝑎𝑟𝑒 𝐻𝑖 , 𝐻𝑦 =
,
𝐻𝑖 + 𝐻𝑦
where 𝐻𝑖 , 𝑖 = 1,2, … , 𝑘, denotes the model histogram of the enrolled image. Similarly,
𝐻𝑦 is the SR coefficient histogram of the input image.
The random of finger placement in image acquisition causes translation or/and
rotation in finger vein image. In order to overcome this shortcoming, for each enrolled
class we use multiple model histograms calculated from multiple images of this class,
and the minimum value of matching scores between multiple model histograms and the
input histogram is used.
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Fig. 2. Feature descriptor. For one image, two-dimensional SR coefficient histogram is first
achieved, and then the histogram is projected to four directions, last, features in four direction
are connected.

3.4

Discussions

In this section, we discuss the relationship between our proposed sparse representation
method and one related work: the existing sparse representation based finger vein
recognition [13].
The differences between the existing method and our method mainly focus on three
aspects. First, in existing sparse representation based finger vein recognition, the
dictionary is learned from whole images, while textons in our dictionary are learned
from image blocks. In addition, each image has its class label, but for one image block,
it does not have class label, which creates the second difference. In existing method,
each class has one sub-dictionary, and the global dictionary consists of all
sub-dictionaries. In other word, the existing method learn class-specific dictionary.
However, the dictionary in our method has no class label, which is a common
dictionary. Last, the third aspect is related to the way of identify. In detail, residual of
sparse representation is used to identify the input finger vein image in existing method,
but we make use of SR coefficient histogram to perform finger vein recognition.

4

Experimental Results

In this section, we evaluate the effectiveness of our proposed SR method in finger
vein recognition.

4.1

Experimental Settings

We perform experiments on one public finger vein database from the Hong Kong
Polytechnic University [5]. The HKPU database contains 3, 132 finger vein images of
156 subjects captured in two separate sessions. In each session, each subject provided
six finger vein images from the left index finger to the left middle finger, respectively.
As only 105 subjects turned up for image acquisition in second session, we use 2, 520
images (i.e., 105 subjects × 2 fingers ×6 images×2 sessions) in our experiment.
The training set used to learn dictionary includes one random selected image with 210
classes (In this paper, each finger is seen as one class.). For each class, 8 model
histograms are built from 8 images, and remaining 4 images are used to test. The
region of interest (ROI) of each image is segmented and normalized into 96×64
pixels using method proposed in [16]. Some typical finger vein images and the
corresponding ROIs are shown in Fig. 3.

(a)

(b)

Fig. 3. (a) Some typical finger vein images. (b) The corresponding ROIs.

4.2

Comparison with other methods

In this subsection, we compare the proposed method with four existing methods. In
the four methods, one is the existing sparse representation based finger vein
recognition [13], and each of three others are selected from each of three feature
extraction algorithm groups depicted in Introduction. We fix the parameters as
presented in above subsection. Besides, there are some parameters in SR, and we
adjust them to get the best performance: 𝜆=0.1, the size of image block is set as 8×8
pixels, and 90 textons are learned. We compare the recognition rates of all methods.
The results are shown in Table 1. We can see from the results that the proposed
method achieves a better recognition rate than other methods. The reason is that the
proposed method seeks a sparse representation for modeling input image over the
learned dictionary, and uses representation coefficients to perform classification,
which is more flexible than nearest neighbor based classification. In addition, the
proposed method encodes both the local vein pattern and the global spatial
information, which cannot be done by other methods.

Table 1. Performance comparison of different methods.
Methods
Mean Curvature [4]
LBP [6]
Minutia [9]
Existing SR method [13]
Proposed method

4.3

Recognition rate (%)
0.9298
0.9393
0.7887
0.9418
0.9524

Investigation of parameter values

We study the performance of the proposed method with different parameter values in
this subsection. There are three main varying parameters in the proposed method: the
size of image block, the number of dictionary textons and the number of model
histograms in each class.
First, we set the number of textons to 90, but vary the other parameters. In this
experiment, 8×8 pixels, 12×12 pixels and 16×16 pixels are separately assigned to the
size of block, and 4, 6, 8 model histograms are built for each class. The evaluation
results are given in Table 2. The results show that when the size of block is 8×8 pixels,
the proposed method achieves better recognition rate, and the larger size of block does
not make the recognition rate increase. Besides, the more model histograms, the higher
recognition rate.
Table 2. The recognition rate (%) of different blocks and models.

4 models
6 models
8 models

8×8 pixels
0.8655
0.9286
0.9524

12×12 pixels
0.8452
0.9190
0.9488

16×16 pixels
0.8440
0.9131
0.9345

Then, we study the influence of the number of dictionary textons on the performance
of the proposed method. Here we fix the size of block as 8×8 pixels, but vary the
number of dictionary textons and the number of model histograms. The number of
dictionary textons varies from 70 to 150, and the number of models in each class varies
from 4 to 8. Fig. 4 illustrates the recognition rate of different textons and models. We
can clearly see from this figure that when the number of textons is 90, the proposed
method achieves best accuracies. After that, with the increase of number of textons, the
recognition rate keeps unchanged on the whole. And, the more model histograms, the
higher recognition rate, which is same with above experiment.

Fig. 4. The recognition rate (%) of different textons and models

5

Conclusions

In this paper, we proposed a modified sparse representation method for finger vein
recognition. In the proposed method, textons in dictionary are learned from image
blocks, and the image is modeled as distributions over the learned textons. The
locality of finger vein pattern is sought by sparsely representing each image block
over the learned textons, and the global geometric information of finger vein pattern
is also encoded by the liner projections of four directions. Besides, to overcome the
translation and/or rotation of finger vein image, we built multiple enrolled models for
each class. The proposed method achieves better recognition rate than other methods.
However, textons in dictionary are learned from finger vein image, and there are all
kinds of noises in image, which are harmful for recognition performance. So,
applying the proposed method on feature of finger vein image may be an interesting
future issue.
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