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Abstract 

Aiming at the problems of low recognition accuracy and poor generalization 
performance of finger vein recognition method, a finger vein recognition method based 
on the combination of deep convolutional network and extreme learning machine was 
proposed. Use deep convolutional networks to automatically extract feature from finger 
veins to reduce the large amount of effective information lost in traditional method 
feature extraction. At the same time, in order to enhance generalization, the deep 
convolutional network has been improved to remove the original fully connected layer 
Add extreme learning machine layers to identify the extracted feature vectors. An 
experimental analysis of the proposed method was performed on a common finger vein 
dataset. Experimental results show that, compared with other finger vein recognition 
methods, this method has higher accuracy and stronger generalization performance in 
finger vein recognition. 

Keywords  

Finger vein; Deep learning; Deep Convolutional Network; Extreme learning machine.  

1. Introduction 

Nowadays, the biometric identification technology is more and more closely related to our daily 
life, and is more and more widely used in electronic payment, security protection and other 
fields. Commonly used biometric recognition technologies include face recognition, fingerprint 
recognition, iris recognition, and vein recognition. Because the finger vein has characteristics 
such as stability and uniqueness, and is an internal feature of the human body, it is not easy to 
be stolen by others. So, finger vein recognition technology has attracted more and more 
attention. 

 Finger vein recognition is usually divided into two stages. The first stage is to extract the ROI 
image of the finger vein from the original finger vein image containing irrelevant background 
regions, and remove the irrelevant background regions to prevent the influence of irrelevant 
background regions on recognition. This stage is the feature extraction and recognition of finger 
vein ROI image. The focus of research has been on the latter feature extraction of vein ROI 
images, such as texture-based feature extraction methods[1], texture-based feature extraction 
methods[2], and local invariant feature extraction methods[3], but these methods usually 
require artificial design extraction steps. 

In the context of current big data, the advantages of deep convolutional neural networks (DCNN) 
in feature extraction and data dimensionality reduction have been widely used in image 
processing, speech recognition and other fields. In particular, it has a good recognition effect in 
the field of image recognition such as image classification and face recognition[4]. DCNN has 
the feature of automatically extracting feature information from data. Compared with 
traditional artificial feature selection, it is more conducive to extracting intrinsic feature 
information of data[5]. More and more experiments show that separating the traditional DCNN 
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feature extractor from the classifier and integrating the DCNN feature extractor into a classifier 
such as a support vector machine also have very good classification performance[6, 7]. 

ELM is a learning algorithm based on single hidden layer feedforward neural networks (SLFNs). 
A powerful learning algorithm proposed by Huang Guangbin and others[8, 9, 10] . Compared 
with the traditional BP neural network using the error gradient descent learning strategy, ELM 
has the advantages of fast convergence, good generalization performance, does not fall into a 
local minimum, and can use a variety of excitation functions[11] . Therefore, this paper 
proposes a finger vein recognition method based on the combination of a deep convolutional 
network and an over-limit learning machine. This method uses deep convolutional network to 
extract the deep feature vector of the finger vein ROI and input the extracted deep feature 
vector into the over-limit learning Compared with conventional methods, not only the 
recognition accuracy is higher, but also the generalization ability is stronger. 

2. Finger Vein ROI Image Extraction 

Generally, the finger vein image collected contains not only the finger vein image, but also some 
irrelevant information such as the device, so it is necessary to extract the finger vein ROI. The 
extraction of finger vein ROI images by traditional methods is mainly divided into the following 
parts. 

2.1. Finger Edge Detection 

By detecting the edge of the finger, the position of the finger is obtained initially. The common 
edge detection operators are Sobel operator, Prewitt operator and Canny operator. The 
experiment performed edge detection on the finger vein image of Fig. 1 (a) by Prewitt operator, 
and obtained Fig. 1 (b). Remove the irrelevant edge area in Fig. 1 (b) to get Fig. 1 (c) 

 

 

(a) Original finger vein image (b) Finger vein edge detection image (c) Irrelevant edge area removed 

Fig 1. Finger edge detection process 

2.2. Finger Rotation Correction 

In the process of collecting finger vein images, it is very likely that the fingers will rotate in a 
plane. In order to ensure the effectiveness of extracting ROI, it is usually necessary to correct 
the rotation of the fingers. Use the upper and lower finger edge curves obtained in Section 2.1 
to traverse the upper and lower edge pixels along the x-axis from left to right, and add the y-
axis coordinates to average the point set of the central axis, which is fitted by the least square 
method the axis of the finger. The midline fitting formula is as follows:  
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In the formula, k is the slope of the fitted midline, b is a constant, x
−

 is the x-axis average of all 

points, and y
−

 is the y-axis average of all points, 1,2i n= . 

Fig. 2 (a) is the image of the edge of the finger after the midline fitting, and rotated 
counterclockwise to obtain the image of the edge of the finger after rotation correction in Fig. 2 
(b).  

 

 

(a) Centerline fit image (b) Finger edge corrected image (c) Original image corrected image 

Fig 2. Finger rotation correction process 

2.3. Finger Vein ROI Capture 

By observing the finger vein image, it can be found that the average brightness of the knuckle 
area is greater than other positions, so the positioning is relatively simple. Therefore, when the 
ROI of the knuckle is generally cut, the knuckle is often used as the benchmark. As shown in Fig. 
3 (a), the ROI image is positioned with the knuckle as a reference. Fig. 3 (b) is the final extracted 
ROI image of the finger vein. 

 

 

(a) Positioning ROI by knuckle (b) ROI image of finger vein 

Fig 3. Finger Vein ROI Extraction Process 

3. Improved Convolutional Neural Network Finger Vein Recognition 
Method 

The network structure of a convolutional neural network includes an input layer, a 
convolutional layer, a pooling layer, a fully connected layer, and an output layer. A deep 
convolutional network has a deeper network structure. A deep convolutional network can 
generally be considered to consist of two major parts. The first part is a feature extractor 
consisting of alternating convolutional layers and pooling layers. The second part consists of 
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one or more fully connected layers plus an output layer. Composed classifier. As shown in Fig. 
4. 

 

 

Fig 4. Convolutional neural network structure 

 

Unlike other deep learning models, DCNN can use backpropagation for parameter optimization 
training. Due to its three structural features (i.e. local receptive fields, shared weights and 
subsampling), the number of hyperparameters is greatly reduced, but due to the fully 
connected layer the composed classifier is trained by gradient descent, so the generalization 
ability is limited. Aiming at the problem of insufficient generalization ability of the classifier 
composed of fully connected layers, this paper proposes a finger vein recognition method based 
on the combination of deep convolutional network and extreme learning machine. 

The specific implementation steps are as follows: 

(1) Preprocessing the finger vein training set data to obtain the finger vein training set samples. 

(2) Construct a convolutional autoencoder model, and use the finger vein training set data to 
perform unsupervised training on the convolutional autoencoder to obtain the coding layer 
parameters. 

(3) Build a deep convolutional network model and initialize the convolutional layer parameters 
of the deep convolutional network using the encoding layer parameters obtained from the 
convolutional self-encoder. 

(4) Use the training set samples to train the deep convolutional network. The output results 
and the sample labels are used to calculate the error. The back-propagation algorithm and 
gradient descent method are used to iteratively update the parameters of the deep convolution 
network to obtain the optimal parameters. 

(5) Remove the fully connected layer of the trained deep convolutional network, add the limit 
learning machine layer, train this layer, and get the trained parameters. 

(6) Preprocessing the finger vein test set data to obtain finger vein test set samples, and input 
them into the parameter-trained network model to obtain the recognition type. 

Among them, the activation function used is LeakyReLU: 

 

0
( )

0

x x
f x

x x


= 


                                                                            (5) 

 

In the formula,  is a small constant. 

Among them, the cross-entropy loss function is used to calculate the error: 
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In the formula, ky is the prediction type and kt is the true type. 

Compared with the conventional method, the method in this paper uses deep convolutional 
network to automatically extract the finger veins to reduce the large amount of effective 
information lost during the traditional extraction of finger veins. At the same time, it introduces 
a limit learning machine layer to increase generalization. 

In training, in order to improve the training efficiency of deep convolutional networks, this 
paper uses a deep convolutional encoder to perform unsupervised pre-training on the samples, 
obtain the preliminary characteristics of the finger vein samples, and use the parameters 
trained by the deep convolutional encoder to detect the depth of the convolutional network. 
The convolutional layer parameters of the convolutional network are initialized. Figure 3 shows 
the initialization process of the finger vein recognition model parameters. 

 

 

Fig 5. Parameter initialization process of finger vein recognition model 

4. Experimental Results and Comparative Analysis 

4.1. Finger Edge Detection 

The effectiveness of the proposed network model was evaluated through two publicly available 
finger vein databases, namely the FV-USM database of the University of Malaysia and the 
SDUMLA database of the Shandong University[12], [13] . The following is an introduction to the 
two databases.  

(1) The FV-USM database is from the Malaysian Polytechnic University. The database collected 
the index and middle fingers of the left and right hands of 123 subjects, including 83 males and 
40 females, aged between 20 and 52 years old. Each finger was collected in two stages. Six finger 
vein images were collected at each stage, and a total of 12 finger vein images were collected. 

(2) The SDUMLA database was collected by Shandong University. The database collected the 
index, middle and ring fingers of the left and right hands of 106 subjects, including 61 males 
and 45 females, aged between 17 and 31 years old. Six fingers vein images were collected with 
one finger at a time. 

Using the finger vein ROI extraction method, ROI image extraction was performed on the finger 
vein data collected from the two finger vein databases, and the training and test sets of each 
finger ROI image in the extracted database were divided into 4: 2 ratios. 

4.2. Construction of Convolutional Neural Network Feature Extraction Model 

This paper builds a deep convolution model through experiments. The network model consists 
of 21 layers, including 1 input layer, 16 convolutional layers, 1 maximum pooling layer, 2 fully 
connected layers, and 1 output classification layer. Table 1 is Detailed network structure 

Encoder 

Input

Input

Decoder
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settings. To prevent the network from overfitting, Dropout is added after each fully connected 
layer. 

 

Table 1. Deep Convolutional Network Structure Settings 

Layer Size of Feature Map Size of Kernel Stride Padding 

Conv1 128*160*64 5*5 2 2 

Maxpool 64*80*64 3*3 2 1 

Conv2-Conv5 64*80*64 3*3 1 1 

Conv6 32*40*128 3*3 2 1 

Conv7-Conv9 32*40*128 3*3 1 1 

Conv10 16*20*256 3*3 2 1 

Conv11-Conv113 16*20*256 3*3 1 1 

Conv114 8*10*512 3*3 2 1 

Conv15-Conv17 8*10*512 3*3 1 1 

FC18 1024 - - - 

FC19 512 - - - 

Output classes - - - 

4.3. Experimental Results and Analysis 

The proposed model is used to train the finger vein ROI datasets extracted from the SDUMLA 
and FV-USM datasets respectively. The training set recognition accuracy curve and loss curve 
are shown in Fig. 6, where the vertical axis represents the recognition accuracy rate and loss 
value. The horizontal axis represents the number of iterations of the model, and all the training 
set data is trained once for one iteration. 

 
Figure 6. The recognition accuracy curve and loss curve of training set recognition in 

SDUMLA and FV-USM data sets 

 

The convolutional layer parameters of the trained deep convolutional model are kept 
unchanged, the fully connected layer is replaced with the extreme learning machine layer, and 
then the extreme learning machine layer is trained. The retrained model is imported into the 
test set data and tested to obtain recognition results. Table 2 compares the recognition accuracy 
of the methods mentioned in the literature and the method in this paper in two common data 
sets. 
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Table 2. Comparison of recognition rates of two public data sets 

Comparison methods Database 

FV-USM SDUMLA 

CNN(based on LeNet)[1]. 97.53% 97.48% 

CNN with CLAH[1]. 97.05% 95.13% 

ARTeM[14]. - 90.72% 

Pseudo-elliptical transformer[15]. 97.02% 97.61% 

Proposed CNN 98.02% 97.86% 

Proposed CNN+ELM 98.88% 98.58% 

 

As can be seen from Table 2, compared with the other methods in the table, the method in this 
paper has achieved the best recognition accuracy on both public data sets. Compared with other 
methods, the recognition accuracy on FV-USM dataset is improved by 1.35% to 1.86%. 
Compared with other methods, the recognition accuracy on the SDUMLA dataset is improved 
by 0.97% to 7.86%. Comparing the fully connected layer as a classifier and ELM as a classifier, 
it can be obtained that when ELM is used as a classifier, it has better generalization performance, 
and the test set recognition accuracy is higher. 

5. Summary 

Aiming at the problems of traditional finger vein recognition methods with low recognition 
accuracy and weak generalization performance, this paper proposes a finger vein recognition 
method based on the combination of deep convolutional network and over-limit learning 
machine, and carried out through two public data sets. Experimentally, the method proposed 
in this paper is compared with the recognition methods in[1] , [14] and[15].  

1) Compared with the traditional finger vein recognition model that requires manual extraction 
of geometric feature vectors as input, this method automatically extracts the finger vein image 
features, simplifies the feature extraction steps in traditional finger vein recognition, and 
improves the finger vein recognition efficiency. 

2) The method in this paper uses deep convolutional networks to perform automatic feature 
extraction on the finger veins to reduce the large amount of effective information lost in the 
traditional method feature extraction. At the same time, in order to enhance generalization, the 
original fully connected layer is removed from the deep convolutional network. The limit 
learning machine layer is added to identify the extracted feature vectors. Compared with other 
methods, the proposed method achieves better recognition results. 
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