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Abstract. In finger-vein recognition tasks, obtaining large labeled datasets for
supervised deep learning is often difficult. To address this challenge, self-
supervised learning (SSL) provides a solution by first pre-training a neural net-
work using unlabeled data and subsequently fine-tuning it for downstream tasks.
Contrastive learning, a variant of SSL, enables effective learning of image-level
representations. To address the issue of insufficient labeled data for vein feature
extraction and classification, we propose CL3A-FV, a Contrastive Learning-based
Finger-Vein image recognition approach with Automatic Adversarial Augmenta-
tion in this paper. Specifically, CL3A-FV consists of the dual-branch augmenta-
tion network, Siamese encoder, discriminator, and distributor. The training pro-
cess involves two steps: 1) training the Siamese encoder by updating its parame-
ters while keeping other components fixed; and 2) training the dual-branch aug-
mentation network with a fixed Siamese encoder, integrating a discriminator to
distinguish views generated by the two branches, and a distributor to constrain
the distribution of the augmented data. Both networks are updated adversarially
using the stochastic gradient descent. We conduct extensive experiments to eval-
uate CL3A-FV on three finger-vein datasets, and the experimental results show
that the proposed CL3A-FV achieves significant improvements compared to tra-
ditional self-supervised learning techniques and supervised methods.

Keywords: Contrastive learning - Automatic adversarial augmentation *
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1 Introduction

Due to its high security and reliability, finger-vein recognition has garnered consider-
able attention as a promising biometric identification technology. Finger-vein patterns
are unique and highly distinctive, which can be captured by non-invasive imaging tech-
niques, making finger-vein recognition a convenient and user-friendly biometric identi-
fication method [1].

In recent years, there has been a surge in the development of finger-vein recog-
nition techniques. These approaches encompass both traditional methods that rely on
handcrafted features [2,3], as well as deep learning-based methods [4,5]. Traditional
(© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2024
Published by Springer Nature Switzerland AG 2024. All Rights Reserved

H. Gao et al. (Eds.): CollaborateCom 2023, LNICST 562, pp. 495-513, 2024.
https://doi.org/10.1007/978-3-031-54528-3_27


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-54528-3_27&domain=pdf
https://doi.org/10.1007/978-3-031-54528-3_27

496 S. Deng et al.

methodologies, such as repeated line tracking [6], maximum curvature points [7], and
local binary pattern [8], have been proposed and demonstrated impressive recogni-
tion performance for finger-vein image recognition. However, compared to the rapid
evolution of deep learning methods, these traditional handcrafted methods are con-
strained by their reliance on the prior knowledge. Consequently, an increasing num-
ber of deep learning techniques are employed in vein recognition. Recent works have
explored various approaches for finger-vein recognition, such as those based on deep
separable convolution [9], frequency-spatial coupling network [10], and the utilization
of locality-constrained consistent to fuse multiple features [11]. Within deep learning-
based methodologies, contrastive learning has risen as a potent technique for acquir-
ing meaningful feature representations in the absence of negative samples [12-14].
Contrastive learning-based approaches have demonstrated exceptional performance in
diverse computer vision areas, i.e., object detection, segmentation, and image classifi-
cation, achieving state-of-the-art results. The typical approach in contrastive learning
is to apply two different transformations to the original image, generate two views as
inputs, and then learn the feature representation by minimizing the distance between
them in a latent space. The success of contrastive learning heavily relies on predefined
transformations [15]. However, for finger-vein data, deformation changes may cause
the loss of some fine-grained details in vein images after transformations, potentially
impacting the performance of contrastive learning methods.

In order to tackle the aforementioned issues, we present a novel Contrastive
Learning-based Finger-Vein image recognition with Automatic Adversarial Augmen-
tation, namely CL3A-FV. Instead of the predefined data augmentation operations, our
method utilizes a neural network to learn augmented views by training the network
in an adversarial manner between the contrastive learning network and the augmenta-
tion network. In the proposed CL3A-FV, we use a neural network-based data augmen-
tation method that learns to generate more effective and diverse augmented samples
for finger-vein images. Specifically, we train two different generator networks to cre-
ate two augmented images from an input image, and a discriminator network to dis-
tinguish views by two different generator networks. The primary goal of optimizing
the generator network is to generate samples that can effectively evade detection by
the discriminator network. Conversely, the main objective of optimizing the discrim-
inator network is to precisely classify images originating from two separate enhance-
ment branches. The output of the generator network is used as the augmented input for
the contrastive learning network, which learns to produce effective feature represen-
tations for finger-vein recognition. We assess the effectiveness of CL3A-FV on three
publicly-available finger-vein recognition datasets, and the experimental results demon-
strate that CL3A-FV achieves the state-of-the-art performance, and outperforms exist-
ing contrastive learning methods that rely on predefined data augmentation operations,
thereby improving the accuracy and robustness of finger-vein recognition. The proposed
method has several advantages over existing contrastive learning methods. First, it has
the capability to acquire enhanced data augmentation techniques tailored specifically
for finger-vein images, thereby enhancing the robustness and generalization capabili-
ties of finger-vein recognition models. Second, it can reduce the manual effort required
to define data augmentation operations, which is particularly important for large-scale
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datasets. Finally, it can seamlessly integrate into current contrastive learning frame-
works with minimal adjustments or modifications.
This work can be summarized by the following contributions:

e We propose CL3A-FV, a contrastive learning-based finger-vein recognition with
automatic adversarial augmentation to address the issue of insufficient labeled data
for vein feature extraction and classification. CL3A-FV consists of four components,
namely the dual-branch augmentation network, Siamese encoder, discriminator, and
distributor.

e CL3A-FV trains the encoder and augmentation network alternately by stochastic
gradient descent in an adversarial manner, thereby improving the recognition accu-
racy and robustness of the model.

e We conduct extensive experiments on three public finger-vein datasets, by compar-
ing CL3A-FV with traditional supervised learning methods as well as contrastive
learning methods. The experimental findings substantiate that CL3A-FV attains the
highest level of performance in tasks related to finger-vein image recognition.

The rest of this work is organized as follows. We review the related work in
Sect. 2. In Sect. 3, we detail the proposed CL3A-FV in terms of the contrastive learn-
ing, dual-branch augmentation network, augmentation discriminator, distribution diver-
gence minimization, and adversarial training, and access the performance of CL3A-FV
in Sect. 4. We conclude this work in Sect. 5.

2 Related Work

2.1 Deep Learning Based Vein Recognition

In recent years, deep learning has demonstrated remarkable expertise in extracting
meaningful features, resulting in its successful deployment across diverse computer
vision tasks. Image classification stands out as a notable instance of its applica-
tion [16]. Upon this success, researchers have employed deep learning techniques to
analyze finger-vein images for various tasks. These tasks encompass the image classi-
fication [17-22], feature extraction [23-29], image enhancement [30-35], and image
segmentation [36,37]. For vein image classification, various approaches have been
explored. In [17], ResNet is directly applied to the images for classification, and [19]
combines the deep belief network with histograms of uniform local binary patterns
derived from curvature gray images for finger-vein recognition. Notably, a joint atten-
tion module is introduced in [22] to enhance the vein pattern contribution in the feature
extraction. In addition to Convolutional Neural Networks (CNNs), alternative neural
network architectures have been employed. For instance, [20] utilizes the Graph Neural
Network (GNN) for classification, taking advantage of the graph-like structure inher-
ent in intricate vein textures. Moreover, [18] employs the supervised discrete hashing
to improve the matching speed, while [21] incorporates bias field correction and spa-
tial attention to enhance the optimization of CNN-based finger-vein image recogni-
tion. For vein feature extraction, researchers have employed different strategies. Some
studies [23,25,27] follow a similar workflow, where a CNN structure is employed to
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extract features from finger-vein images, and then are analyzed by traditional machine
learning algorithms. On the other hand, novel approaches have also been explored.
For instance, [26] utilizes a combination of autoencoder and convolutional network
to learn feature codes from finger vein images. In [28], a capsule neural network-
based method is proposed to extract the region of interest (ROI) in finger veins. [24]
introduces a lightweight two-channel network with three convolution layers to extract
image features efficiently, followed by the verification using a support vector machine.
Lastly, [29] presents a multi-modal biometric authentication system based on the deep
fusion of electrocardiogram and finger-vein image data. For vein image enhancement,
Generative Adversarial Networks (GANs) are commonly employed to recover miss-
ing vein patterns caused by various factors during the image capture process [32].
For severely-damaged finger-vein images, [33] introduces a modified GAN that uti-
lizes neighbors-based binary pattern texture loss. To address the issue of motion blur
in the finger-vein image recognition, [34] proposes a modified DeblurGAN to restore
motion-blurred finger-vein images, thereby enhancing the identification performance.
Apart from GANs, other modules are also utilized for image restoration in finger-vein
image recognition. For instance, [30] presents a method that utilizes a deep CNN with
a deconvolution sub-net to recover the original image and a modified linear unit to
enhance finger vein texture details. Another study [31] employs a convolutional autoen-
coder (CAE) to restore venous networks in finger vein images by extracting effective
features. In terms of enhancing finger vein image quality, [35] introduces a novel net-
work architecture based on the pulse-coupled neural network. This architecture aimed
to improve image quality and make finger vein image recognition more practical. For
vein image segmentation, [36] proposes a finger vein segmentation algorithm based
on LadderNet. This algorithm leverages the concatenation of feature channels from
the expanding and contracting paths in the network to obtain comprehensive seman-
tic information from vein images. Furthermore, traditional finger vein segmentation
networks often have excessive parameters, making them challenging to use in mobile
terminals. To address this issue, [37] proposes a lightweight real-time segmentation
network specifically designed for finger vein image recognition on embedded termi-
nals. This network achieves comparable performance to more complex networks while
meeting the requirements of embedded mobile terminals.

The application of deep learning methods has further advanced the development
of vein recognition, but there are still some drawbacks. For example, from a modeling
perspective, due to the complexity of deep learning models, they often perform well on
the training set, but their performance on the test set may decrease, which constrains the
capacity of model generalization. This may be due to the difference between the training
set and test set, such as different acquisition devices or environmental conditions. From
a data perspective, issues such as poor quality of finger-vein images (e.g., blur, uneven
lighting, spatial position changes, etc.) and sparse single-class images can also affect
the robustness of feature extraction.
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2.2 Contrastive Learning

Contrastive learning is a specific form of self-supervised learning, which strives to
acquire meaningful representations by comparing samples that are similar with ones
that are dissimilar [38—40]. The criterion for defining positive and negative samples is
an important part of the contrast paradigm, which directly determines whether a good
representation can be learned. Traditionally, contrastive learning uses a set of positive
and negative pairs to train the model. Positive pairs are samples that are similar, while
negative pairs are samples that are dissimilar. The model learns to push the negative
pairs apart in the embedding space while pull the positive pairs together. This approach
has been used in many successful contrastive learning methods, such as InfoNCE [41]
and SimCLR [39]. More recently, some researchers have proposed to use only positive
samples in contrastive learning, without negative samples. These methods rely on the
idea that samples from the same class are inherently similar, therefore can be used as
positive examples. Examples of such methods include SimSiam [13] and BYOL [12],
which have achieved the state-of-the-art performance on several benchmark datasets.
Overall, the choice of positive and negative samples is an important aspect of contrastive
learning, and both approaches have shown promising results in various applications.

2.3 Automatic Augmentation

Automatic augmentation has recently gained popularity in the field of supervised learn-
ing [42-46]. [42] uses reinforcement learning to learn data augmentation policies
and searches for the optimal augmentation strategy. [43] proposes a search algorithm
based on weak data augmentation policies, which significantly reduces the search time.
In [44], a search algorithm based on backpropagation finds a balance between computa-
tion time and performance. [45] proposes a straightforward yet effective data augmen-
tation strategy that leverages random combinations of operations to enhance data. [46]
proposes a population-based optimization algorithm that efficiently learns data augmen-
tation policies. Typically, these methods establish a search space in advance and then
search for augmentation policies within that space for the target tasks. However, the
search cost of these methods is typically high and not suitable for contrastive learning.
To address this limitation, we propose a new self-supervised learning (SSL) strategy in
this paper.

3 Proposed Method

This paper introduces CL3A-FV, a contrastive learning-based approach for finger-vein
recognition that employs automatic adversarial augmentation to enhance the perfor-
mance of finger-vein recognition in scenarios with limited labeled data. Figure 1 illus-
trates the architecture of the proposed CL3A-FV, which consists of four components,
namely the Dual-Branch Augmentation Network, Siamese Encoder, Discriminator, and
Distributor. The training process is divided into two steps: 1) train the Siamese Encoder,
where the other parts of CL3A-FV are fixed and only the parameters of the encoder are
updated. The Siamese Encoder learns feature representations by minimizing the sim-
ilarity between different views of the same image, generated by two learnable neural
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networks; and 2) train the Dual-Branch Augmentation Network, where the Siamese
Encoder is fixed and a Discriminator is introduced to distinguish the views generated
by the two branches. To constrain the distribution of the generated data, a Distributor is
introduced to produce discriminative augmentations, i.e., more dissimilar sample pairs.
Both networks are updated by the stochastic gradient descent in an adversarial man-
ner. The proposed CL3A-FV can be incorporated into any contrastive learning method,
which will further improve the performance of the corresponding contrastive learning
method. In the following, we first introduce some prior knowledge about contrastive
learning, and then detail each component of CL3A-FV.

3.1 Contrastive Learning

Contrastive learning is a commonly-used image self-supervised learning method, which
learns generic features of images by minimizing the distance between different aug-
mented versions of the same image. Specifically, for a given encoder network f(-) and
an exponential moving average (EMA) encoder f'(-), the similarity loss used in SSL
does not exploit negative samples, which can be written as Eq. (1):

Lo = %Dmm),f’m)) + %D(f(wz),f’@l)% 0

In the given context, D represents a similarity distance, while x; and x5 refer to two
transformed versions of the image, specifically x; = t1(z) and xy = ta(x). These
transformations, as previously demonstrated in [39,40,47,48], involve techniques such
as cropping the image followed by the application of color transformations.

3.2 Dual-Branch Augmentation Network

The augmentation types can be categorized into illumination augmentation, geomet-
ric augmentation, and noise augmentation, which address the uneven illumination or
occlusion, incomplete images or positional displacement of the vein curve, and noise
introduced by device-related factors during image acquisition, respectively. Inspired by
these categories, we construct our dual-branch augmentation network. As illustrated in
Fig. 2, one vein image is first normalized and resized to obtain x, which is then fed into
two augmentation networks, namely Tp, and Tj,. Each augmentation network applies
three enhancement blocks to z, resulting in two transformed samples: 21 = Ty, () and
29 = Ty, (). Finally, the contrastive loss between x; and x5 is calculated by Eq. (2):
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Fig. 1. Architecture of CL3A-FV.
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In particular, the augmentation network 7y is composed of three modules: a geo-
metric transformation module gy, an illumination transformation module ¢y, and a noise
transformation module py, which are designed to learn transformations suitable for vein
images. The three modules are elaborated as follows:

Geometric Augmentation: Spatial transformation functions commonly employed at
present, including rotation, scaling, and translation, can be generalized into more com-
prehensive functions known as affine transformations. Inspired by STN [49], we design
a geometric network gg to learn the affine transformation parameters. The network
structure can be a multilayer perceptron (MLP) or a convolutional network with the
input of an image itself or Gaussian noise. Since geometric transformations are uni-
versal for different images, we use MLP due to the generality and transferability as
expressed in Eq. (3):
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Fig. 2. Dual-branch augmentation network.

x’zAugg(x,A—&-I),A:gﬂz), 3

where Augg(z, A + I) is an affine transformation that includes the most geometric
transformations applicable to vein images and A € R?*3 is the learned transformation
parameters. I € R?*3 is represented by a matrix, where I;; = 1 or 0, making the affine
transformation an identity mapping, and z is an /N-dimensional Gaussian noise.

Hllumination augmentation: For a given vein image x, the illumination transforma-
tion module is defined as Eq. (4):

2" = Auge(a’, c), c = co(x, 2), 4)

where Augc is a color transformation function with parameters ¢, and ¢y is a small
convolutional network. z ~ N (0, Iy), where N (0, Iy) is an N-dimensional Gaussian
distribution.

Noise Augmentation: Additive noise is a commonly-used tool for generating adversar-
ial examples [50,51], and thus we explore it in the image data augmentation. While
adversarial examples can be utilized as augmented data during adversarial training,
their primary objective revolves around enhancing the model’s robustness rather than
solely focusing on improvement. Some evidence [52] suggests that adversarial train-
ing often sacrifices the model’s generalization to clean data. However, our adversarial
augmentation model can improve its generalization performance through the online
training. Recently, AdvProp [50] has successfully used PGD attack [51] and Onlin-
eAugment [53] has used a learning perturbation for data augmentation. In this work,
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we design an adversarial augmentation model to generate additive noise. Specifically,
the adversarial augmentation network py takes the original image z as its input and gen-
erates additive noise z,. By adding the generated noise to the original image, we obtain
an adversarial perturbed image x”’. We use a variational autoencoder (VAE) network to
learn to generate noise, as shown in Eq. (5):

2" = Augp(aiﬂ, l‘z), Ty = Po (T)’ )

where the shape of z, is the same with the input x.

The above three types of augmentations basically cover all possible variations of the
samples. In order to further improve the performance of this method, we also adopt a
strong augmentation strategy in this paper, which applies multiple augmentations to the
original image. The learning objective of the two augmentation networks is to obtain
pairs of samples with large difference. Therefore, we update the augmentation networks
by maximizing the distance between the generated sample pairs, which is opposite to
the learning objective of the encoder. At the same time, inspired by the approach of
generating images with GANs, we introduce a discriminator to distinguish images gen-
erated by two different branches, further achieving the goal of generating dissimilar
pairs of samples.

3.3 Augmentation Discriminator

In the existing GAN models, a discriminator is introduced to supervise the generator by
performing binary classification on generated images and real images, in order to train
a generator that can create images close to the real distribution. In the proposed CL3A-
FV, we adopt a similar approach to GANs to ensure that the augmentation network
produces two “dissimilar” augmented images. Specifically, we introduce a discrimina-
tor to perform binary classification on the augmented images from the two branches.
The output loss of the discriminator is used as the adversarial loss to update the aug-
mentation network.

We assign different pseudo-labels to the augmented images from the two branches.
The input space is denoted as X = {X 49 X992} and the set of possible labels is
denoted as Y = 0,1, where O and 1 are the labels assigned to the augmented images
from the two branches. Therefore, the adversarial loss for the two augmentation net-
works is defined as Eq. (6):

Laao(D(f(21)), di) = ~|dilog + (1 —di)log— L, ©®

L B
(f (1)) D(f(x:))

where D(-) is the introduced discriminator, and d; denotes the binary variable (augmen-
tation label) for the ith example, which indicates whether x; comes from augmentation
Ty, (z; ~ X9 if d; = 0) or from the augmentation Tp, (z; ~ X992 if d; = 1).

3.4 Distributional Divergence Minimization

To align the images before and after augmentation and prevent harmful augmenta-
tion that may affect downstream tasks, we introduce the maximum mean discrepancy
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(MMD) to constrain the distribution. The MMD is utilized to quantify the discrepancy
between two distributions within the reproducing kernel Hilbert space. The distance
between two distributions is calculated as Eq. (7):

n m

. 1 1
Laapsp (a7, at0) = |2 32 a(al”™ ) = 3 Date )

i=1 j=1
where x°7%9""%! represents the image before enhancement, and 2%%9 represents the
image after augmentation. m and n are the batch sizes, and g is the Gaussian kernel
function which maps x to the reproducing Hilbert space. It is worth noting that for the
three augmentation networks, we only need this regularization term to ensure that the
augmentation networks perform image transform without destroying the original data
distribution. Specifically, we input both the original image = and augmented images x
and x into a distributor e(-), which is an encoder version of f(-) without the MLP head.
During the training, its weights are not directly updated, but inherited from the encoder
f(-). We calculate the distribution difference £ between the original distribution and
the transformed distributions, and use it as the distribution supervision signal for the
augmentation network to avoid excessive transformation. The term used to constrain
the augmentation networks can be represented as Eq. (8):

Lp = %(LMJ\ID(@(QJ)v e(x1)) + Ly (e(x), e(x2))). @®)

3.5 Adversarial Training

For the augmentation network, its task is to generate dissimilar pairs of samples, which
can force the contrastive network to learn more robust representations. Therefore, when
guiding the learning of the augmentation network, we consider three aspects: maximiz-
ing the contrastive loss, minimizing the discriminator loss, and minimizing the distri-
bution loss, which can be formulated as Eq. (9):

L:aug = )\»CD + Eadv - ‘CC7 9

where A is a hyper-parameter used to constrain the augmentation network. To gener-
ate “dissimilar” pairs of samples, we train the model in an adversarial manner. The
training process is partitioned into two components: training the augmentation network
and training the encoder. These two parts are updated in an alternating manner. The
encoder’s parameter update is achieved by minimizing £¢, which minimizes the dis-
tance between two transformed views. The augmentation network’s parameter update
is achieved by minimizing L,,4, which encourages the two branches to generate more
“dissimilar” views and better helps the learning of the encoder.
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Fig. 3. Linear evaluation protocol (a) and fine-tuning evaluation (b).

4 Experiments

4.1 Experiment Setting and Datasets

Experiment Settings. We conduct extensive linear evaluation experiments on CL3A-
FV using the commonly-adopted evaluation methods for self-supervised methods. In
addition, to demonstrate the superiority of CL3A-FV over supervised methods, we con-
duct fine-tuning experiments. In the linear evaluation experiments, we first pre-train the
model on an unlabeled dataset, and then further evaluate the trained encoder on a labeled
dataset with the fixed encoder weights. In the fine-tuning experiments, we further fine-
tune the trained encoder on a labeled dataset with a very small learning rate. We evaluate
the proposed CL3A-FV with three different SSL objectives: BYOL [12], SimSiam [13],
and Barlow Twins (BT) [14]. In our experiments, the state-of-the-art finger-vein classi-
fiers, i.e. FVRAS-Net [54], FV-CNN [55], PV-CNN [56], and LW-CNN [57] are used
to test our approach. We split each dataset into a training set and a testing set with a
ratio of 6 : 4 for evaluation.

Datasets. To assess the effectiveness of the proposed CL3A-FV, we conduct extensive
experiments on three finger-vein databases:

(1) HKPU-FV: The Hong Kong Polytechnic University finger-vein database [58]
comprises a total of 3,132 contactless and opening images from 156 subjects. These
images include 2,520 finger images taken from 105 subjects across two separate ses-
sions, with an average interval of 66.8 d between sessions. Each subject provided 12
images per session, with six images captured from their index and middle fingers,
respectively. The remaining 612 images were captured from 51 subjects in the first
session only. For testing purposes, we utilized the sub-database containing the first 105
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Table 1. Top-1 Classification Accuracy (%) on HKPU-FV, MMCBNU-FV, and CTBU-FV.

Method FVRAS-Net | FV-CNN PV-CNN LW-CNN
Dataset: HKPU-FV

SimSiam(+Ours) 90.68(93.56) | 90.88(93.75) | 92.46(93.05) | 85.03(87.41)
BYOL(+Ours) 94.84(95.14) | 92.17(93.16) | 95.34(96.52) | 96.63(98.00)
BT(+Ours) 86.56(87.80) | 91.67(91.97) | 88.50(90.48) | 88.40(90.00)
Dataset: MMCBNU-FV

SimSiam(+Ours) 93.80(97.04) | 96.29(96.95) | 96.08(97.20) | 97.95(98.16)
BYOL(+Ours) 97.75(97.98) | 97.04(97.69) | 93.36(94.23) | 98.20(98.25)
BT(+Ours) 92.25(94.56) | 96.33(97.25) | 97.04(97.84) | 98.54(98.85)
Dataset: CTBU-FV

SimSiam(+Ours) 89.12(91.23) | 89.25(92.56) | 88.16(90.78) | 91.54(93.02)
BYOL(+Ours) 92.83(94.56) | 89.12(91.25) | 90.83(91.96) | 90.08(91.33)
BT(+Ours) 89.98(90.75) | 89.00(90.56) | 90.37(92.02) | 94.12(94.86)

subjects’ finger images from the first session, which more accurately replicates a two-
session scenario.The images are grayscale and have a resolution of 256 x 513.

(2) MMCBNU-FV: The MMCBNUG6000 fingerprint database [59] comprises 6,000
images, derived from 100 volunteers who provided six fingers each. During the data
capture process, each volunteer placed their fingers - the index, middle, and ring fingers
of both the left and right hands on the sensor 10 times, resulting in 10 images being
collected for each finger.

(3) CTBU-FV: The Chongqing Technology and Business University finger-vein
dataset [60] comprises 6,000 images obtained from 100 subjects (66 males and 34
females). Each subject contributed six fingers, namely the index, middle, and ring fin-
gers from both the left and right hands. For each finger, there were ten images with a
size of 240 x 320 pixels. These images were cropped to extract the region of interest
(ROI) images, which were then normalized to 55 x 127 pixels.

4.2 Evaluation of Representations

The commonly employed method for assessing learned representations during the SSL
pre-training process is the linear evaluation protocol [61]. In this protocol, a linear clas-
sifier, such as SVM or Logistic Regression, is trained on the frozen backbone network.
The image representations, obtained from the final or penultimate layers of the back-
bone network as a feature vector, are utilized. The test accuracy serves as a proxy for the
quality of the representations (Fig.3(a)). In this work, to assess the learned represen-
tations of the proposed method, we conduct experiments on three datasets employing
four classifiers within the linear evaluation protocol of self-supervised learning. The
experimental results are presented in Table 1.

In Table 1, the results in parentheses represent the performance of CL3A-FV archi-
tecture applied to the corresponding SSL objectives, while the results outside the paren-
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theses represent the baseline results of the original SSL. methods. For instance, in the
first row, the results are shown for four different backbones on three original SSL meth-
ods (outside the parentheses) and on our corresponding method (inside the parentheses)
in the HKPU-FV dataset. From Table 1, it can be observed that there is an improve-
ment across all four classifiers for the HKPU-FV dataset, with the highest margin in
recognition accuracy being approximately 3%. However, the improvement effects are
generally less pronounced for the MMCBNU-FV dataset. In contrast, for the CTBU-FV
dataset, the proposed CL3A-FV method performs better compared to the MMCBNU-
FV dataset under the same settings. We speculate that this difference may be attributed
to variations in the sample quality. Our approach might be more effective for coarsely-
processed data. Models using the proposed framework consistently outperform their
respective SSL baselines beyond the margin of error.

4.3 Fine-Tune Evaluation

Fine-tuning [62] is a method that allows us to reuse a pre-trained model and adapt it to a
new task. It involves unfreezing some of the top layers of the pre-trained neural network
model, which is initially used for feature extraction. As a result, we can jointly train
these unfrozen layers along with the newly-added part of the model, such as a fully-
connected classifier. This process helps the model to specialize in and adapt to the spe-
cific requirements of the new task. This technique is referred to as fine-tuning because it
involves making subtle adjustments to the higher-level representations of the pre-trained
model (Fig. 3(b)). These adjustments are made to align the model more closely with the
specific problem being addressed, thereby increasing its relevance and effectiveness for
the task. Only the top layers of the convolutional base are possible to be fine-tuned once
the classifier on top has already been trained so as to train a randomly-initialized clas-
sifier, freezing of pre-trained convolutional networks like VGG16 [63]. The solution
lies in utilizing a smaller learning rate for the weights undergoing fine-tuning, and a
higher one for the randomly initialized weights, such as those in the softmax classifier.
Pre-trained weights are already good, but they need to be fine-tuned.

To demonstrate that SSL methods can improve the classifier performance without
increasing the amount of data, we compare the results of training the entire network
from scratch on a labeled dataset with the results of fine-tuning the pre-trained fea-
ture extractor using our method with a smaller learning rate. Fine-tuning evaluation
results are listed in Table 2. From the table, it can be observed that all classifiers show
improved recognition accuracy on different datasets after comparative learning with
pre-training and fine-tuning, including the top-performing LW-CNN classifier. Partic-
ularly the CTBU-FV dataset has lower sample quality, because the supervised train-
ing with LW-CNN exhibits overfitting. However, this issue is significantly alleviated
through pre-training and fine-tuning. To more intuitively observe the difference between
the results with and without pre-training, we present the fine-tuning results in Fig. 4 on
datasets of HKPU-FV, MMCBNU-FV, and CTBU-FV. In Fig. 4, the CTBU-FV dataset
may suffer from overfitting due to its more homogeneous sample data and the powerful
LW-CNN classifier. Pre-training and fine-tuning can significantly alleviate the overfit-
ting. For the other two datasets, most of them show a significant improvement compared
to traditional fully-supervised one-stage training under the same settings, while a small
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Table 2. Classification Accuracy (%) of Fine-tuning on HKPU-FV, MMCBNU-FV, and CTBU-

FV.
Method HKPU-FV | MMCBNU-FV | CTBU-FV
Classifier: FVRAS-Net
SimSiam(+Ours) 95.54(96.23) | 96.91(97.58) 95.00(95.70)
BYOL(+QOurs) 96.13(97.02) | 98.20(98.25) 96.33(96.98)
BT(+Ours) 95.35(96.33) | 94.62(97.50) 95.58(96.70)
Scratch 95.44 96.20 93.37
Classifier: FV-CNN
SimSiam(+Ours) 94.05(95.34) | 96.12(96.75) 90.33(91.30)
BYOL(+Ours) 93.85(96.43) | 96.04(96.98) 91.08(91.79)
BT(+Ours) 94.74(94.84) | 96.54(97.00) 91.20(91.83)
Scratch 94.15 95.95 89.62
Classifier: PV-CNN
SimSiam(+Ours) 95.56(96.63) | 97.05(97.75) 92.79(93.50)
BYOL(+Ours) 95.90(96.33) | 97.56(97.91) 94.29(95.05)
BT(+Ours) 92.48(95.44) | 96.33(97.08) 93.87(94.52)
Scratch 90.78 95.91 91.86
Classifier: LW-CNN
SimSiam(+Ours) 98.81(99.00) | 98.29(99.13) 93.95(94.88)
BYOL(+Ours) 98.61(99.23) | 98.33(98.60) 93.50(95.14)
BT(+Ours) 98.70(98.80) | 98.45(98.86) 94.87(95.35)
Scratch 98.00 97.87 85.12

portion may have limited improvement due to factors, such as the model and the dataset
itself.

4.4 Ablation Study

To investigate the effectiveness of the proposed distributor, we conduct four com-
parative experiments on the HKPU-FV dataset for each of the three methods (Sim-
Siam+Ours, BYOL+Ours, and BT+Ours), by removing the distribution constraint
MMD or replacing it with Jensen-Shannon (JS) distance, Kullback-Leibler (KL) diver-
gence, and Wasserstein distance, respectively. The results are shown in Table 3. The
results in the second row of Table 3 correspond to the unconstrained augmentation net-
work, and when compared to the first row, it can be observed that the MMD distance
improves the performance across all three frameworks, where the BYOL+Ours showing
the most significant improvement. However, the other three constraint conditions do not
yield improvements in every method. We speculate that this may be due to excessive
constraints, which results in the augmentation network learning ineffectively.
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HKPU-FV MMCBNU-FV CTBU-FV

Topl Accuracy(%)
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Fig. 4. Fine-tuning evaluation on HKPU-FV, MMCBNU-FV, and CTBU-FV.

Table 3. Classification Accuracy (%) of Ablation Study on HKPU-FV.

Condition Method

SimSiam+Ours | BYOL+Ours | BT+Ours
MMD (Ours) | 93.56 95.14 87.80
None 93.06 91.17 87.02
JS 93.16 87.61 86.35
Wasserstein | 91.77 90.28 87.88
KL 93.26 89.79 87.65

5 Conclusion

In this paper, we proposed a novel contrastive learning-based finger-vein image recogni-
tion with automatic adversarial augmentation, namely CL3A-FV. Our method addresses
the limitations of traditional contrastive learning methods by using a neural network-
based data augmentation method that generates more effective and diverse augmented
samples of finger-vein images. The proposed CL3A-FV achieves the state-of-the-art
performance on three finger-vein datasets, outperforming the existing contrastive learn-
ing methods that rely on predefined data augmentation operations. The proposed CL3A-
FV has several advantages: 1) it is capable of learning more effective data augmentation
operations specifically designed for finger-vein images; 2) it reduces the manual efforts
required to define data augmentation operations; and 3) it is easy to be integrated into
existing contrastive learning frameworks. Moreover, our approach enables the learning
of adaptive enhancement pairs for finger-vein images, which improves the performance
and robustness of the model. We conduct extensive experiments on three finger-vein
datasets and show that CL3A-FV achieves state-of-the-art performance and robustness
in vein image recognition tasks, compared to traditional supervised learning methods
and the existing contrastive learning methods. Overall, the proposed method provides
a novel and effective solution for improving finger vein recognition in scenarios with
limited labeled data. We believe that this work will inspire further research in the field
of self-supervised methods for biometric identification and have a significant impact on
the development of more accurate and reliable biometric identification systems.
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However, training the model and generating augmented samples may require signifi-
cant computational resources, particularly when dealing with large-scale target datasets.
Furthermore, we did not consider the inclusion of negative samples. To further enhance
the performance of our model, we will investigate methods to introduce negative sam-
ples at a lower computational cost in the future.
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