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Abstract. In the existing biometric recognition area, the Finger Vein Recognition
(FVR) technology has strong universality and applicability. Conventional FVR schemes
are based on extracting features of the overall image or features of the vein pattern.
Because there are a large amount of redundant data in features acquired from the whole
Finger Vein Image (FVI), the time complexity is high, and the features extracted from
the vein pattern are greatly affected by the image segmentation algorithm. Aiming at
the low recognition rate of traditional FVR technology and the high requirement of image
preprocessing in the early stage, this paper proposes a finger vein recognition method based
on Deep Learning (DL) and features extracted from curvature gray images. Firstly, the
curvature of the finger vein image is calculated by using a two-dimensional Gaussian
template, and the curvature gray image is obtained. And then the histogram feature is
generated by the Uniform Local Binary Pattern (ULBP) operator, and input into the
Deep Belief Network (DBN) for vein image recognition. Experimental results show that
our scheme is effective and better than existing schemes.
Keywords: Finger vein recognition, Deep learning, Deep belief network, Uniform local
binary pattern, Curvature gray image

1. Introduction. Driven by high-tech such as big data and cloud computing, human
beings have entered the data age of the Internet of Everything. The interaction of massive
data and the cloud storage of private information have led to an increasing demand for
identity authentication. The traditional identity authentication system generally uses
passwords as the judgment condition. However, in the process of use, too short passwords
are easily hacked by hackers and cause security problems such as wrong authorization and
data loss. In addition, too complicated passwords cause a drop in user experience because
they are difficult to remember, and even use of media storage may also cause inconvenience
during user authentication. Therefore, the traditional identity authentication system has
the contradiction between the increasing authentication security requirements of users
and the complicated and inconvenient authentication methods. In order to overcome
the defects based on password authentication, user authentication methods based on
unique and non-replicable or transferable biometrics have become the best alternative
to traditional authentication schemes. In the existing biometric identification technology
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[1,2], the finger vein recognition technology [3-6] has strong universality and applicability,
the collection equipment belongs to the non-contact type, the cost is very low, and both
users and manufacturers are very easy to accept. At the same time, compared with the
current mainstream fingerprint and face recognition technology, finger vein recognition
technology has good living characteristics. Therefore, the characteristics of the finger
vein are difficult to be forged and the safety is extremely high. The superiority of finger
vein recognition in terms of safety and ease of use makes it a great application scenario
and development space, and will surely become the mainstream identification technology
for biometric authentication in the future.
A typical finger vein recognition system generally includes the following basic steps: im-

age acquisition, finger region extraction, pre-processing, feature extraction, and matching.
Among them, the feature extraction method directly affects the accuracy of vein recogni-
tion, and also leads to the diversity of feature extraction methods [7,8] for vein recognition
[9-18]. The most important feature extraction techniques in finger vein recognition are
mainly divided into three types: artificially-designed features, statistical characteristics
analysis and neural networks. Artificially-designed features based schemes [9-12] do not
need to obtain vein lines, as long as ROI images can be used for feature extraction, so the
finger vein recognition algorithms based on artificially-designed features are simple and
efficient, making them an important type of feature in finger vein recognition. Artificially
designed features include scale-invariant feature transformation [9], Local Binary Pattern
(LBP) [10,11] and Histogram of Orientated Gradient (HOG) [12]. Statistical character-
istics analysis based schemes include Principal Component Analysis (PCA) [13], Linear
Discriminant Analysis (LDA) [14] and Sparse Representation (SR) [15]. Neural networks
based methods include Back Propagation (BP) neural network based methods and Con-
volutional Neural Network (CNN) based methods [16,17]. In 2017, Lu et al. [10] proposed
a new fusion description operator based on LBP and Gabor filters. This method has bet-
ter recognition performance, but the obtained features are up to 190 dimensions, which
makes the feature extraction and matching time longer. Because the finger vein venous
structure has obvious texture and directional characteristics, local features such as LBP
[10,11] and HOG [12] can distinguish well in the recognition process, but local feature
extraction usually takes a long time. Wu and Liu [14] used PCA and LDA to achieve
finger vein classification, and Xin et al. [15] also successfully applied SR to finger vein
recognition tasks. However, methods such as PCA [13], LDA [14] and SR [15] extract fea-
tures from a global perspective and insufficiently describe local feature information. Fang
et al. [16] designed three convolutional layers to train finger vein features. Lin et al. [17]
implemented finger vein recognition based on deep learning and random projection. The
main advantage of the neural network-based methods is that they do not require manual
extraction of features but adaptively learns valuable feature information based on existing
data. However, they require a relatively high amount of data. In the case of small sample
data, the trained network is not sufficiently effective.
Curvature computation is widely used in image processing such as shape description,

character recognition, corner detection, and target recognition. For image patterns with
rich lines and sharp contours (such as vein images), the curvature gray image highlights
the areas where the curvature changes significantly, and most of these parts are in different
positions, thus forming a unique pattern for each image pattern, which can be used as
an important source of identification information. Because the finger vein image contains
a lot of curved texture features, traditional feature extraction schemes such as LBP and
HOG have insufficient ability to extract curvature information. The LBP operator records
the difference information between the center pixel of an image block and its surrounding
pixels. It is invariant to illumination and can measure the local texture information of
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the image, but cannot reflect other information such as shape and curvature. The HOG
operator obtains features by calculating and counting the gradient direction histogram
of the local region of the image, and cannot obtain any curvature information. Thus,
this paper proposes a finger vein recognition algorithm based on deep brief network and
features extracted by the uniform LBP descriptor from Curvature Gray Images (CGI). The
curvature gray image is derived from the computation result between the two-dimensional
Gaussian template and the original finger vein image at two scales. We use the histogram
computed from the ULBP processed CGI instead of the original FVI as the input of DBN
in order to improve the recognition rate by solving the problems of uneven illumination,
low contrast and noise interference to some extent.

The remainder of the rest paper is organized as follows. Section 2 gives the whole
diagram of the proposed scheme. Section 3 illustrates the method of extracting features
from curvature gray images. Section 4 gives the deep belief network structure and process.
Section 5 shows the experimental results. Section 6 concludes the whole paper.

2. The Block Diagram of the Proposed Scheme. The training structure diagram
of the finger vein recognition method based on DBN and ULBP-CGI features is shown in
Figure 1. In our work, the DBN consists of two successive RBM network layers and one
BP (Back Propagation) network layer. The BP network is set up in the last layer of the
DBN, the output feature vector of the RBM is received as its input feature vector, and
the entity relationship classifier is trained with supervision. And each layer of the RBM
network can only ensure the weights in the layer itself are optimal, but not optimal for the
entire DBN. Therefore, the BP network also propagates the error information from top to
bottom to each layer of RBM, and fine-tunes the DBN network. The training process of

Figure 1. The block diagram of the whole scheme
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the RBM network model can be regarded as the initialization of the weight parameter of
a deep BP network, which makes the DBN overcome the problem that the BP network is
easy to fall into the local optimum and long training time due to the random initialization
weight parameter. Here ULBP-CGI means performing the uniform LBP operator on the
CGI blocks. The finger vein image database to be tested is divided into two parts: the
training set and the test set. The training process of the proposed scheme can be briefly
illustrated as follows.
Step 1: Each FVI in the training set is subjected to certain normalization preprocessing,

and then its curvature gray image is calculated, and the obtained CGI image is segmented
into non-overlapping blocks.
Step 2: Then the uniform LBP operator is performed on each block in each CGI to

extract the texture features of each block.
Step 3: The histogram of the extracted features of each block is calculated. The overall

histogram is generated by joining all histograms for all blocks, and this overall histogram
is the final feature vector of each FVI, which is used as the input of DBN.
Step 4: Finally, all histograms of the training FVIs are input into the DBN. Each layer

is trained to obtain the optimal parameters of the whole network. The RBM training is
updated by the Contrastive Divergence (CD) algorithm. The weight is adjusted by the
BP algorithm. This training process is repeated until the stop condition is satisfied.
Similarly, the recognition process for any FVI in the test set can be briefly illustrated

as following steps.
Step 1: The FVI in the test set is subjected to certain normalization preprocessing, and

then its curvature gray image is calculated, and the obtained CGI image is segmented
into non-overlapping blocks.
Step 2: Then the uniform LBP operator is performed on each block in the obtained

CGI to extract the texture features of each block.
Step 3: The histogram of the extracted features of each block is calculated. The overall

histogram is generated by joining all histograms for all blocks, and this overall histogram
is the final feature vector of the FVI, which is used as the input of DBN.
Step 4: Finally, the overall histogram is input into the DBN to obtain its label.
All test FVI can be input the DBN to obtain their labels, and thus the recognition

accuracy can be calculated.

3. Feature Extraction. Now we turn to introducing our feature extraction scheme,
which is composed of three stages, i.e., extraction of curvature gray image, ULBP feature
extraction and histogram computation.

3.1. Extraction of curvature gray image. A positive curvature indicates that the
curve is concave at that point, and a negative curvature indicates that the curve is convex
there [18]. The curvature formula is as follows:

k =
f ′′

(1 + f ′2)3/2
(1)

where k is the curvature of a given point, f ′′ is the second derivative at that point, and
f ′ is the first derivative at that point. A concrete example is given in Figure 2 to show
the gray and curvature curves at the cross-sectional line of a given finger vein image. The
gray curve at the black cross-section and the corresponding curvature curve show that if
the gray distribution of the vein region is valley-shaped, then the corresponding curvature
is positive, and if the gray of the background region is convex, then the corresponding
curvature is close to 0 or negative. In Figure 2, the black cross-section passes through
3 veins, and thus the corresponding curvature curve has 3 positive peaks. Therefore,
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Figure 2. Gray (upper-right) and curvature (bottom-right) curves of the
cross-sectional line of the vein image (left)

calculating the curvature of the finger vein image can increase the discrimination between
the vein region and the background region.

Miuran et al. [18] tracked the center of the finger vein according to the curvature
value, and accurately extracted the center point of the finger vein, but the algorithm
complexity was high. Since the curvature combines the first derivative and the second
derivative information, the image enhancement effect is better than the second derivative.
In summary, most of the finger vein recognition algorithms currently only extract features
for vein regions, ignoring the available information contained in the background region.
To this end, this paper uses the two-dimensional Gaussian template to calculate the
curvature of the finger vein image at two different scales and then combine them to
obtain a gray curvature image. Thus, the image background area information and the
vein area information can be combined. Curvature gray images are then used as input to
train the CNN. Here, the two-dimensional Gaussian template is given as follows:

g(x, y) =
1√
2πσ2

exp
[
−
(
x2 + y2

)
/
(
2σ2
)]

(2)

where x and y are two independent coordinate variables and σ is the standard deviation.
The square template has a side length of 6σ + 1. The image matrix row direction is the
x-axis and the column direction is the y-axis. Firstly, the first partial derivatives, the
second-order partial derivatives and mixed partial derivatives of the template are used
to convolution filtering the image, i.e., five partial derivative matrices P′

x, P
′
y, P

′′
xx, P

′′
yy

and P′′
xy corresponding to the original FVI matrix I can be obtained. The first-order

directional derivatives and the second-order directional derivatives of the two-variables
function z = g(x, y) are defined as follows:

g′l = g′x cos θ + g′y sin θ (3)

g′′l1l2 =
(
cos θ1 sin θ1

) [ g′′xx g′′yx
g′′xy g′′yy

](
cos θ2
sin θ2

)
(4)

where θ is the angle between the straight line l and the positive x-axis, g′x and g′y are the
first-order partial derivatives of g(x, y) respectively, g′l is the derivative of g(x, y) in the
direction of the straight line l. θ1 is the angle between the positive direction of the x-axis
and the straight line l1, and θ2 the angle between the positive direction of the x-axis and
the straight line l2. g′′xx and g′′yy are the second-order partial derivatives of g(x, y). g′′xy
and g′′yx are mixed partial derivatives of g(x, y). g′′l1l2 is the second-order derivative of
the function g(x, y) first along the direction of the line l1 and then along the direction
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of the line l2. Assume the line l1 = l2 = l with φ being the angle between the straight
line l and the positive x-axis, substituting the 5 partial derivatives of the image matrix as
defined in Equation (3) and Equation (4), then the first-order and second-order directional
derivatives of the image matrix are given as follows:

G′
φ = G′

x cosφ+G′
y sinφ (5)

G′′
φφ =

(
cosφ sinφ

) [ G′′
xx G′′

yx

G′′
xy G′′

yy

](
cosφ
sinφ

)
(6)

In the above formula, φ is taken from the set Γ = (0◦, 30◦, 45◦, 60◦, 90◦, 120◦, 135◦, 150◦).
Substitute the direction derivatives G′

φ and G′′
φφ of the image matrix I into Equation (1),

and obtain the maximum curvature values in eight directions as the final curvature values
of the image matrix I:

Kσ = max
φ∈Γ

G′′
φφ(

1 +G′2
φ

)3/2 (7)

The standard deviation σ of the two-dimensional Gaussian template will determine the
size of the template. The small template can detect more detailed vein patterns, and the
large template is beneficial for the extraction of coarse vein lines. The results of different
standard deviation extractions are shown in Figure 3. It can be seen from Figure 3 that
the rough vein pattern extracted by the large template is complete, and the details of
the small template extraction are more clear, but containing more noise. The curvature
feature matrices Kσ extracted when σ is 1.5 and 2.5 respectively are added to obtain the
fused image F = K1.5+K2.5 in Figure 3, and thus the fusion result contains the full-width
rough vein pattern without losing the detail vein pattern.

Figure 3. Curvature extraction results for different standard deviations σ

3.2. ULBP feature extraction and histogram computation. Local Binary Pattern
(LBP) is a texture description operator proposed by Ojala et al. [19] in 1996. The LBP
operator works by judging the value of the image pixel and its neighborhood. When the
image changes due to illumination, it does not change the rest of the image. Therefore,
it not only has redundant information removal ability, but also has a certain degree of
robustness to lighting.
The original LBP operator defines a 3× 3 window, and the center pixel of the window

is selected as a threshold, which is respectively compared with every pixel value in the
neighborhood, and is set to 1 when the neighborhood pixel value is greater than or equal
to the center pixel value, and is set to 0 otherwise. Such a 3 × 3 window can obtain an
8-bit binary value (converting an 8-bit binary value into a decimal value, that is, an LBP
code, totally 256 possibilities), and we will obtain the decimal value as the LBP value of
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the center pixel of the point, and this value is used to represent the texture information
for this area:

LBP =
7∑

p=0

u (fp − fc)× 2p (8)

where u(x) =

{
1 x ≥ 0
0 x < 0

, fp is the neighborhood pixel value, fc is the window center

pixel value, and 2p is the weight. In order to achieve rotation invariance, we can rotate
the binary code around the LBP (such as 11110001) bitwise to get the smallest value of
the binary code (00011111). We call this rotation invariant descriptor LBPROT. For the
8-bit case, we can get 36 different LBPROT codes.

Ojala later replaced the 3× 3 square neighborhood of the LBP operator with a circular
neighborhood, making it expandable to any size. The improved LBP operator can have
any number of pixels in a circular neighborhood with radius R, and we use LBPP -R to
denote the new LBP. The commonly used operators are LBP4-1, LBP8-1, LBP8-2, and
LBP16-2 [20]. The formula of LBPP -R is as follows:

LBPP -R =
P−1∑
p=0

u (fp − fc)× 2p (9)

According to the formula of LBPP -R, we know that the number of binary patterns
obtained by the LBP operator depends on the number of collected samples P in the
circular neighborhood. For example, the LBPP -R operator can generate 2P binary modes.
It can be seen that as the number of sampling points P increases, the generated binary
pattern grows exponentially, and the excessive number is not desirable for the extraction
and classification of texture features. In order to overcome the above problems, Ojala
proposed a “uniform pattern” to reduce the dimension of the LBP operator. Uniform
LBP means that in the LBP binary number, the total number of hops U from 0 to 1 and
1 to 0 does not exceed two. For example, 00000000 and 11111111, there is no 0,1 jump,
U = 0. For 11110000 and 00001111, there is a jump, U = 1. For the LBPP -R operator, the
improved binary mode is reduced from 2P to P (P−1)+2. For example, when the number
of acquisitions P is 8, then the number of LBP codes generated is changed from 256 to
58. In this way, the number of binary modes is greatly reduced, the feature dimension is
greatly reduced, and the interference from high frequency noise is also reduced.

In our algorithm, we divide the CGI image of size 160× 64 into 4× 2 blocks, and each
block is with size 40 × 32. We perform the ULBP descriptor with P = 8 and R = 1 on
each block and obtain its ULBP histogram. We just join all block ULBP histogram to
obtain the final histogram of dimension 8 × 58 = 464. That is to say, the feature vector
is 464 dimensional which is extracted from a CGI image of size 160× 64.

4. FVR Based on DBN. To perform the FVR process, we should first train the DBN.
The training process of DBN includes two parts, i.e., pre-training and tuning [21], and its
network structure is shown in Figure 4. The figure contains a total of three Restricted
Boltzmann Machines (RBMs). We first introduce the learning process of RBM, then
introduce the pre-training process of the whole DBN, and finally introduce the tuning
process of the whole DBN.

4.1. RBM learning. The Restricted Boltzmann Machine (RBM) is a generative sto-
chastic neural network proposed by Hinton and Sejnowski in 1986. The network consists
of a visible layer and a hidden layer. The visible layer and the hidden layer are fully
connected, and there is no connection between the nodes in the visible layer, and there
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Figure 4. DBN structure

Figure 5. RBM structure

is also no connection between the hidden layer nodes. When the state of the neural n-
ode of the visible layer is known, all the hidden layer neural nodes are considered to be
conditionally independent. Similarly, when the state of the neural node of the hidden
layer is known, all the visible layer neural nodes are also conditionally independent. Each
RBM can also be viewed as an undirected graph of a bipartite structure. Its structure is
shown in Figure 5. The visible layer is composed of n random variables, represented by
v = (v1, v2, . . . , vn), and the hidden layer is composed of m random variables, represented
by h = (h1, h2, . . . , hm), and W =

{
wij

∣∣i = 1, 2, . . . , n; j = 1, 2, . . . ,m
}
is the connection

weight matrix between the visible layer unit i and the hidden layer unit j. The energy
function of its joint configuration is

E(v,h; θ) = −
n∑

i=1

m∑
j=1

wijvihj −
n∑

i=1

aivi −
m∑
j=1

bjhj (10)

where θ = {W,a, b} is the parameter of RBM, ai is the bias of vi in the visible layer
and bj is the bias of hj in the hidden layer. Based on Equation (10), we can get the joint
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probability of v and h as follows

Pθ(v,h) =
1

Z(θ)
exp(−E(v,h; θ))

=
1

Z(θ)
exp

(
n∑

i=1

m∑
j=1

wijvihj +
n∑

i=1

aivi +
m∑
j=1

bjhj

)
(11)

where Z(θ) is the normalization factor, also known as partition function. We want to
maximize the likelihood function P (v) of the observed data. P (v) can be obtained by
finding the edge distribution of P (v,h) in Equation (11) to h as follows:

Pθ(v) =
1

Z(θ)

∑
h

exp
(
vTWh+ aTv + bTh

)
(12)

Assume there are N training samples, then we can obtain the parameters of RBM by
maximizing P (v), which is equivalent to maximizing log(P (v)) = L(θ) as follows:

L(θ) =
1

N

N∑
k=1

log
[
Pθ

(
v(k)

)]
(13)

L(θ) can be maximized by a stochastic gradient descent, first requiring the derivative
of L(θ) to W as follows:

∂L(θ)

∂wij

=
1

N

N∑
k=1

∂

∂wij

log

(∑
h

[
exp

(
v(k)TWh+ aTv(k) + bTh

)])
− ∂

∂wij

logZ(θ) (14)

Equation (13) can be simplified as:

∂L(θ)

∂wij

= EPdata

[
vihj

]
− EPθ

[
vihj

]
= EPdata

[
vihj

]
−
∑
v,h

vihjPθ(v,h) (15)

The former item in Equation (15) is easier to calculate, and is just the average value of
vihj on all data sets, while the latter item involves all 2|v|+|h| combinations of v and h,
and the calculation amount is very large (basic unsolvable). In order to solve the latter
problem, Hinton et al. proposed a highly efficient learning algorithm called Contrastive
Divergence (CD). The basic idea is as follows: first, the state of h is obtained according to
the data v, and then the visible vector v 1 is reconstructed by h. The vector v 1 is visible,
and then a new hidden vector h1 is generated from v 1. Because of the special structure of
the RBM (there is no connection within the layer, and there are connections between the
layers), the active states of the hidden units hj are independent of each other when given
v, and vice versa, when given h, the activation states vi of the individual visible elements
are also independent of each other. The reconstructed visible vector v 1 and the hidden
vector h1 are one sample of P (v,h), and the sample set obtained by multiple sampling
can be regarded as one approximation for P (v,h), making the calculation of the latter
item in Equation (15) feasible.

4.2. Pre-training process. The essence of pre-training is to initialize the parameters
of the DBN network. Generally, the greedy algorithm is used to train the RBMs layer by
layer. When the first layer of RBM training is finished, the output data of this hidden
layer is used as the input data of the second layer RBM, and so on. Thereby the unit
vector and weight matrix of all hidden layers can be obtained. At the same time, in order
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to improve the anti-oscillation capability of the restricted Boltzmann machine, we adopt
the momentum term as follows:

∆w
(l)
ij = α(l)∆w

(l−1)
ij + ε(l)

([
vihj

]
real

−
[
vihj

]
recon

)
∆a

(l)
i = α(l)∆a

(l−1)
i + ε(l)

([
vi
]
real

−
[
vi
]
recon

)
∆b

(l)
j = α(l)∆b

(l−1)
j + ε(l)

([
hj

]
real

−
[
hj

]
recon

) (16)

where l = 1, 2, 3 represents the number of RBMs, ε(l) represents the learning rate of the
l-th RBM model, and α(l) represents the corresponding momentum term in the training
of the l-th RBM model.

4.3. Tuning process. After the pre-training process, according to the loss function be-
tween the input data and the reconstructed data, the BP algorithm is used to re-optimize
the network parameters, and finally the network is globally optimal, and then the regres-
sion recognition is performed at the top level. The rules for updating the weights of each
layer are as follows:

∆W(t) = α
(t)
b ∆W(t−1) + ε

(t)
b W(t−1)

W(t) = W(t−1) +∆W(t)
(17)

where W(t) is the weight coefficient matrix between the adjacent layers in the DBN

network. When t = 1, 2, 3, W(t) is the weight coefficient matrix of the t-th RBM, α
(t)
b

and ε
(t)
b represent the momentum term and the learning rate between adjacent visible and

hidden layers in the DBN network structure, respectively.

5. Experimental Results. The test image database is composed of 3000 finger vein
images collected from 1000 persons by the finger vein device developed by our laboratory.
Each person has 3 images of size 160 × 64. In the experiment, the training set and test
set are divided according to the 8 : 2 mode. The algorithm implementation platform
is MATLAB R2014a, the computer is Inter(R) Core(TM) 2 Quad CPU 2.5GHz with
memory 4GB, and the operating system is 64-bit Win7.
Taking the last CGI image in Figure 3 as an example (image F), in order to perform

the block ULBP operator, considering that the CGI image size is 160 × 64, we perform
the 4 × 2 segmentation mode, i.e., each block being of size 40 × 32, as shown in Figure
6. Performing the ULBP operation on each sub-block image, we can obtain its sub-block

Figure 6. Segmentation of each CGI image for block ULBP descriptor
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Figure 7. ULBP single block feature histogram of the first block in Figure 6

Figure 8. Joint ULBP feature histogram of the image F in Figure 6

feature histogram, as shown in Figure 7. Finally, the individual sub-block histograms are
integrated to obtain a joint feature histogram, as shown in Figure 8, and this histogram
is the input of the DBN.

Table 1 shows the relationship between the recognition rate and the number of training
times. We found that when the number of training times reaches about 1000, the accuracy
of our scheme is close to 98%, as shown in Table 1. From Table 1, we can see that, when
training the DBN network, the training duration has an important relationship with the
number of DBN training times. The greater the number of training times, the smaller
the cost function value and the higher the matching accuracy. However, the image of
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Table 1. The recognition rate changes with the number of training times

Number of training times 100 200 300 400 500 600 700 800 900 1000
Recognition rate (%) 5.4 17.2 58.4 78.3 84.2 92.1 94.4 95.5 96.7 97.8

Figure 9. Reconstruction error curve

the finger vein in this experiment is small and the texture is clear. Compared with other
goals of deep learning, there are fewer feature points to learn. Therefore, in the case of
ensuring accuracy, reducing the number of training times can complete feature learning
faster.
When training DBN, we usually use the reconstruction error as the basis for judging

the quality of the training DBN. As shown in Figure 9, the reconstruction error is the
Euclidean distance between the reconstructed visible layer unit vector and the original
vector. The smaller the reconstruction error, the smaller the difference between input and
output. As can be seen from Figure 9, since the initial error is large, the coefficient update
is fast, and the reconstruction error quickly converges at the beginning of the iteration.
As the number of iterations increases, the error decreases, the model gradually stabilizes,
and after two layers of training, the reconstruction error is obviously reduced. Since the
input of the second layer is from the output of the first layer, the reconstruction error of
the second error is much less than that of the first layer.
In order to verify the influence of the number of hidden layers on the recognition rate

and the required time, the model is selected to be with two DBN hidden layers, and four
groups of 100-100, 100-150, 100-180 and 100-200 network structures are designed. The
number of training times is 1000, the learning rate is 0.001, and the number of iterations
per layer is 33. The RBM is trained by the contrastive divergence method, and the BP
network is set at the top level for global tuning of parameters. The experimental results
are shown in Table 2. We can see that the more hidden layers of DBN you have, the more
higher-dimensional features you can learn, and thus the accuracy is improved. However,
at the same time, the more hidden layers of DBN you have, the longer the training time
we require.
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Table 2. Comparisons of recognition rate and required time among DBN
based methods using different structures

Number of nodes in two hidden layers Recognition rate (%) Time used (s)
100-100 95.1 150
100-150 96.1 205
100-180 97.0 254
100-200 97.8 312

Table 3. Comparisons of recognition rate among various methods

Method Recognition rate (%)
Weighted LBP (WLBP) [11] 94.2

HOG [12] 94.9
PCA [13] 95.1
SR [15] 95.5

CNN1 [16] 95.8
CNN2 [17] 96.4

Our 97.8

Now we turn to compare our scheme with some existing schemes, including Weighted
LBP (WLBP) [11], HOG [12], PCA [13], SR [15], CNN1 [16], CNN2 [17]. Here, our
method, CNN1 and CNN2 are all trained 1000 times. The comparison results are shown
in Table 3. From this table, we can see that our method is superior to other schemes, and
Deep Learning (DL) based methods are better than other non-DL based methods. By
comparison, it can be found that the proposed algorithm has higher recognition rate than
the traditional non-DL based algorithms. The reason is that we improve the features
extracted by performing ULBP on the curvature gray image of the finger vein, which
can display the information of the finger vein more, which is more conducive to network
learning. In addition, our algorithm does not need to manually select features, and reduces
the influence of subjective factors. While the other conventional algorithms only consider
extracting part of the texture information of the finger vein image, and contain subjective
factors in feature extraction, resulting in their recognition rate is not as good as our
algorithm.

In order to further prove the superiority of the proposed scheme, we adopt another
test database to compare our scheme with some existing schemes, including Weighted
LBP (WLBP) [11], HOG [12], PCA [13], SR [15], CNN1 [16], CNN2 [17]. The database
is from Malaysian Institute of Technology named FV-USM containing 5,904 finger vein
images. During the experiment, the training set and test set are also classified according
to the 8 : 2 pattern. Here, our method, CNN1 and CNN2 are all trained 1500 times. The
comparison results are shown in Table 4. From this table, we can see that our method is
still superior to other schemes, and Deep Learning (DL) based methods are better than
other non-DL based methods.

6. Conclusions. This paper presents a finger vein recognition algorithm based on DBN
using ULBP processed curvature gray images as input. Firstly, the curvature of the
finger vein image is calculated by using a two-dimensional Gaussian template, and the
curvature gray image is obtained. And then the histogram feature is generated by the
Uniform Local Binary Pattern (ULBP) operator, and input into the Deep Belief Network
(DBN) for vein image recognition. Experimental results demonstrate that the features
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Table 4. Comparisons of recognition rate among various methods based
on FV-USM

Method Recognition rate (%)
Weighted LBP (WLBP) [11] 93.8

HOG [12] 94.5
PCA [13] 94.7
SR [15] 95.1

CNN1 [16] 95.4
CNN2 [17] 96.0

Our 97.4

and the neural network proposed in this paper are effective, and our scheme is superior
to many existing schemes. The first shortage of our scheme is that the network can
only train one finger vein library at a time. Different libraries need to be retrained and
consume a lot of time. This does not match the actual product type vein recognition
system. There is a gap in practicality. The second shortage of our scheme is that the time
complexity is higher than conventional schemes. The third shortage of our scheme is that
the improved convolutional neural network is essentially a supervised learning process.
Training samples must be labeled, but in practice, labeling large amounts of data is time
consuming and laborious, and the cost is too high. Future works will concentrate on
applying other CNN structures or using better training schemes to release the training
burden and make the scheme suitable for real-time applications.
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