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Abstract— Vein-based biometric technology offers secure 

identity authentication due to the concealed nature of blood 

vessels. Despite the promising performance of deep learning-based 

biometric vein recognition, the scarcity of vein data hinders the 

discriminative power of deep features, thus affecting overall 

performance. To tackle this problem, this paper presents a 

generative self-supervised contrastive learning (GSCL) scheme, 

designed from a data-centric viewpoint to fully mine the potential 

prior knowledge from limited vein data for improving feature 

representations. GSCL first utilizes a style-based generator to 

model vein image distribution and then generate numerous vein 

image samples. These generated vein images are then leveraged to 

pretrain the feature extraction network via self-supervised 

contrastive learning. Subsequently, the network undergoes 

further fine-tuning using the original training data in a supervised 

manner. This systematic combination of generative and 

discriminative modeling allows the network to comprehensively 

excavate the semantic prior knowledge inherent in vein data, 

ultimately improving the quality of feature representations. In 

addition, we investigate a multi-template enrollment method for 

improving practical verification accuracy. Extensive experiments 

conducted on public finger vein and palm vein databases, as well 

as a newly collected finger vein video database, demonstrate the 

effectiveness of GSCL in improving representation quality. 

 

Index Terms—Biometric vein verification, representation 

learning, generative adversarial network (GAN), self-

supervised contrastive learning (SCL), enrollment. 

 

I. INTRODUCTION 

Vein recognition is an emerging biometric technology that 

exploits the pattern of blood vessels under the skin surface to 

identify a person. Compared with the traditional extrinsic 

biometrics (such as face, fingerprint, palmprint), vein biometric 

can essentially achieve more secure identity recognition due to 

its anti-counterfeiting and liveness detection ability [1], [2]. 

Generally, since the hemoglobin in the veins absorbs near-

infrared light, the vein pattern inside the finger, palm, or hand 

can be captured by the near-infrared (NIR) imaging system, 

appearing as dark regions in a gray-scale image [3]. In practical 
applications, the quality of vein image could be affected by a 

variety of factors such as lighting, humidity, temperature, 

posture or sensor [1], which can cause large intra-class 

variations and high inter-class similarity of the vein samples 
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and weaken the overall recognition performance. Therefore, it 

is critical to extract discriminative vein features to achieve 

robust performance.  

Traditional feature extraction approaches [4]–[11] often 

need to manually design the feature algorithms, which are task-

specific and usually have limited generalization ability. In 

contrast, deep learning (DL) provides a general data-driven 

paradigm for learning useful representations from massive 

training data, and has shown promising performance in various 

computer vision tasks [12], [13]. However, a major challenge 

in applying deep learning to vein recognition is the lack of vein 

image training data due to the sensitivity and privacy of the vein 

information. In fact, the existing public vein databases usually 

only comprise several thousands of images. Insufficient 

training data may cause overfitting issues of the deep networks, 

thereby impairing the performance. Generally, the data shortage 

issue of deep learning can be relieved by using transfer learning 

[14]–[17] or data augmentation [18]–[24]. However, the effects 

of transfer learning are limited because the vein data has a very 

different distribution from the general-vision datasets (e.g., 

ImageNet) commonly used for knowledge transfer. 

Conventional data augmentation can augment the training 

samples via category-preserving operations. However, it can 

only augment the intra-class samples, which brings limited 
invariance prior knowledge. A simple inter-class data 

augmentation technique using flipping was proposed in [18], 

but it can only generate fixed vein classes based on the existed 

classes in the training set. A GAN-based inter-class sample 

generation method was proposed in [24] for synthesizing 

arbitrary-pattern vein images, but this approach requires a 

relatively complicated synthetic procedure in progressive 

stages and relies on the traditional algorithms to extract the 

binary vein patterns. Some GAN-based data augmentation 

approaches [21]–[23] require training different generators for 

different vein categories, resulting in a more complicated 

training procedure. 

In this paper, we attempt to tackle this vein data scarcity 

issue from a data-centric point of view by presenting a 

generative self-supervised contrastive feature learning 

framework, which aims to fully harness the underlying prior 

knowledge from limited training data through generative and 

discriminative modeling to improve the feature representation 

ability. The proposed framework is illustrated in Figure 1. 
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distribution on a relatively small dataset and then uses the 

learned distribution to produce a larger-sized synthetic vein 

image dataset. The powerful modeling capabilities of 

StyleGAN2 enable it to generate realistic and diverse vein 

image samples, which may provide new semantic knowledge 

for feature learning. As shown in Figure 2 (a), the inter-sample 

similarity distribution of the synthetic samples roughly aligns 

with the inter-class similarity distribution of the real testset. As 

further shown in Figure 2 (b), the features of the real vein 

samples in the testset exhibit an obvious pattern of clusters with 

each cluster corresponding to one vein category, whereas the 

features of the generated samples show a more random and 

scattered distribution. This empirical evidence suggests that the 

generated vein samples are generally discriminative, indicating 

that the synthetic samples exhibit significant semantic 

distinctiveness. Therefore, by approximately treating each 

synthetic sample as an individual class during pretraining and 

utilizing them for self-supervised contrastive learning, the 

network can acquire additional semantic knowledge to enhance 

the feature representation. We investigate two representative 

self-supervised contrastive learning (SCL) frameworks: 

SimCLR [26] and BYOL [27]. SimCLR employs both positive 

and negative samples for contrastive learning to foster data 

augmentation-invariant and instance-separating representation. 

In contrast, BYOL eliminates the need for negative samples by 

employing the stop-gradient trick and a non-symmetric 

predictor to prevent collapsed solutions. In the context of self-

supervised learning, positive samples refer to different 

augmented views of a given sample, implying that features 

from various augmented views of the same synthetic image 

should be invariant. Conversely, negative samples refer to 

different instances within a min-batch of samples, implying that 

the features of each instance in a mini-batch should be separated 

from all the other instances within the batch. Our investigation 

demonstrates that the distinctive generated samples can provide 

SimCLR with informative negative instances that promote 

discriminative feature learning, yielding higher-quality feature 

representations compared to BYOL. Following the pretraining 

phase with synthetic samples, we further conduct supervised 

finetuning using FusionAug [18] on the original labeled 

training set. This progressive training process allows the 

network to thoroughly excavate the limited training data to 

acquire different forms of discriminative a priori knowledge, 

thereby improving the generalization of learned features. In 

addition, we present an enrollment technique that employs 

multiple templates to represent a finger vein identity through 

feature clustering. This improved enrollment strategy 

effectively improves the verification accuracy in practical 

applications. Extensive experiments conducted on the public 

finger vein (FV) and palm vein (PV) image databases as well as 

 
Figure 1. The proposed GSCL framework. 

 

     
   cosine similarity of FV samples          2952 real FV samples from testset           3000 synthetic FV samples               20000 synthetic FV samples 

      
cosine similarity of PV samples           6000 real PV samples from testset            6000 synthetic PV samples              20000 synthetic PV samples 

(a)                                                                                                                       (b) 

Figure 2. Visualization of (a) cosine similarity distribution of vein image pairs (first column) and (b) feature distribution by t-SNE (second to forth column). 
For cosine similarity, we train a feature embedding network on the trainset and use the embedding network to evaluate the cosine similarity of intra-class 

pairs and inter-class pairs on the testset, as well as the inter-sample similarity on 10000 synthetic samples (49995000 image pairs). For fair comparison, each 

density is normalized to an under-curve area of one. For feature distribution, we use the same embedding networks as those of (a). The details of the trainset 

and testset can be found in Table 3. 
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an in-house finger vein video database demonstrate that the 

proposed GSCL effectively improves the learning of feature 

representations and obtains better performance than the recent 

DL-based methods for biometric vein verification. Our main 

contributions are summarized as follows:  

1) From a data-centric viewpoint, we present a generative 

self-supervised contrastive feature learning framework, which 

systematically incorporates generative vein image modeling, 

self-supervised contrastive learning and supervised finetuning, 

to fully excavate useful prior knowledge from limited vein data 

for discriminative feature learning.  

2) Through comprehensive analysis on the generated vein 

samples and investigating two representative SCL approaches, 

we demonstrate that using unconditionally generated vein 

samples for self-supervised contrastive learning facilitates 

learning additional semantic knowledge during pretraining, 

improving the quality of feature representation.  

3) We investigate an improved multi-template enrollment 

technique and build a finger vein video database for systematic 

performance evaluation. Through improved feature extraction 

and enrollment methods, our finger vein verification system 

shows promising performance in terms of accuracy and 

efficiency under practical working conditions. 

 

The rest of the paper is organized as follows: In Section II, we 
provide an overview of literature on biometric vein recognition 

and self-supervised contrastive learning. Section III introduces 

the proposed GSCL framework. The proposed multi-template 

enrollment method is elaborated in Section IV. Section V 

presents comprehensive experimental results and discussions. 

Finally, Section VI concludes this paper. 

II. RELATED WORKS 

A. Biometric Vein Recognition 

Vein-based biometric research has witnessed exciting progress 

in recent years. One popular line of research in vein recognition 

mainly focuses on extracting the binary vein pattern as feature 

representation through the design of novel algorithms [4]–[10] 

or novel learning tasks [28]–[32] and has achieved promising 

performance. Another line of research focuses on extracting 

discriminative feature vectors or descriptors as representations, 

such as the embedding learning-based approach [18], [19], [24], 

the optimization-based approach [33], [34], and the descriptor-

based approach [35]–[37]. In particular, deep learning-based 

vein recognition has primarily faced the challenges of data 

shortage and the generalization ability of the neural networks, 

and prior endeavor has attempted to tackle these challenges by 

using transfer learning [14]–[17], data augmentation [18]–[24], 

novel network architecture design [3], [38]–[42], as well as 

better loss functions [18], [43], [44]. On the other hand, some 

literature focuses on improving the acquisition techniques, such 

as developing the pulsation-based finger vein acquisition [45], 

or the reflection-based finger vein imaging device [46] for 

better portability and user experience. Multimodal biometrics 

[47]–[50] fusing multiple kinds of hand biometrics also shows 

an upward trend with promising performance. Besides, recent 

studies have also investigated techniques of biometric template 

protection [51]–[56] and attack detection [57], to enhance the 

security and privacy of vein biometric systems. We briefly 

categorize the most related literature dedicated to vein 

biometrics in Table 1. Although previous work [24] has 

preliminarily explored using GAN to synthesize vein samples 

for contrastive learning, this approach requires training multiple 

conditional models and relies on the traditional algorithms to 

extract the binary vein patterns for constructing the training data 

of GANs. Differently, this paper explores a simpler 

unconditional generation scheme and presents new 

experimental evidence and insights to justify GSCL for tackling 

the data scarcity problem, as well as developing a new 

enrolment technique to advance the performance of biometric 

vein verification comprehensively. 

B. Self-supervised Contrastive Learning  

One of the earliest SCL approaches can be traced back to 

Exemplar CNN [58], which views each training example as a 

distinct class to perform exemplar classification using a 

parametric classifier. Later, Wu et al. [59] proposes to replace 

the parametric classifier with a memory bank of instance 

features, thereby formulating the contrastive loss directly in the 

feature space. By introducing a queue to store the instance 

features encoded by a smoothly-updated encoder, momentum 

contrast (MoCo) [60] can construct a large and consistent 

dictionary for contrastive learning without being limited by 

mini-batch size. Without using a momentum encoder, 

InvaSpread [61] formulates the contrastive loss within the 

current mini-batch of instances to learn data augmentation-

invariant and instance-separating features. SimCLR [26] is 

similar to InvaSpread, but introduces a new projection head 

used only at training stage and uses strong data augmentation, 

which significantly improves the performance. By introducing 

the stop-gradient technique and a non-symmetric predictor to 

prevent collapsing solutions, BYOL [27] and SimSiam [62] 

further reveal that contrastive learning can be performed even 

without the participation of negative samples. Indeed, these 

evolving studies are gradually unveiling the essence of deep 

representation learning. It is worth noting that these pioneering 

SCL methods were primarily designed for general-vision tasks 

and assumed the availability of large-scale unlabeled datasets. 

Differently, vascular biometrics have a very different data 

domain and suffers from the data scarcity issue. Therefore, this 

paper attempts to investigate the application of SCL in the 

context of synthetic samples specific to the vein domain, with 

the purpose of acquiring additional vein semantic knowledge to 

enhance the quality of feature representations. 

 
Table 1. Categorization of recent literature on biometric vein recognition. 

Type Reference 

Feature 

extraction  

Vein pattern-based [4]–[10], [28]–[32]  

Embedding learning-based 
[1], [3], [14], [16], [18]–
[24], [38], [39], [41]–[44], 

[63]–[71] 

Optimization-based  [33], [34] 

Descriptor-based [35]–[37]  

Acquisition improvement [45], [46] 

Multimodal biometrics [48]–[50] 

Security & privacy enhancement [51]–[57] 
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III. PROPOSED GSCL FRAMEWORK 

The idea of GSCL is to maximally excavate useful prior 

knowledge from limited training data to improve feature 

learning from a data-centric viewpoint. The overall diagram of 

GSCL is illustrated in Figure 1, which comprises three 

sequential learning steps - unconditional generative modeling 

of vein images, self-supervised contrastive learning and 

supervised finetuning. In the following subsections, we will 

introduce the details of each component.  

A. Unconditional Vein Image Modelling 

Style-based generative modelling has emerged as a state-of-the-

art approach in the field of image generation. Figure 3 provides 

a visual comparison between the traditional generator 

architecture and the style-based generator architecture. In the 

conventional generator, random noise serves as the direct input. 

In contrast, the style-based generator employs either a constant 

or a learned input. To further enhance the flexibility of this 

model, an MLP network is introduced to map random noise to 

an intermediate latent space that controls the generator's outputs 

at various layers through learned style codes. Meanwhile, 

additive noises are further introduced to the feature maps to 

induce stochastic variations. This improved generator design 

empowers a more effective control over the generation process, 

yielding improved fidelity and diversity in the generated 

outputs. StyleGAN [72] directly controls the activations of the 

generator through adaptive instance normalization (AdaIN), 

while StyleGAN2 [25] was redesigned to control the weights of 

the convolutional kernels and achieve improved generation 

results. In this paper, we employ StyleGAN2 to achieve 

unconditional modelling of the vein image distribution. 

Formally, the training objective of unconditional GAN is given 

as: 

 

min
𝐺

max
𝐷

𝐿(𝐺,𝐷) = 𝔼𝑥[log𝐷(𝑥)] + 𝔼𝑧[log(1 − 𝐷(𝐺(𝑧)))]           (1) 

 

where 𝐺 and 𝐷 denote the generator and discriminator. 𝑥~𝑃𝑑 

𝑧~𝑃𝑧, where 𝑃𝑑 and 𝑃𝑧 denote the real image distribution and 

the input noise distribution. After training, we generate a 

synthetic dataset 𝑋̃={𝑥̃𝑖}|𝑖=1
𝑀 , where 𝑥̃𝑖 = 𝐺(𝑧), 𝑧~𝑃𝑧 . Given 

the randomness and diversity of the generation process as well 

as the powerful modelling ability of StyleGAN2, the trained 

generator can produce numerous vein samples distinct from 

each other, as analyzed in Figure 2. As a result, we can 

approximately treat different synthetic instances as different 

virtual classes to perform self-supervised contrastive learning 

and acquire additional semantic knowledge. In section V-C, we 

will perform a qualitative and quantitative assessment of the 

generated vein images.  

B. Self-supervised Contrastive Learning on Generated Vein 

Samples 

To evaluate the efficacy of self-supervised contrastive learning 

on the synthetic dataset, we study two representative 

approaches – SimCLR [26] and BYOL [27], with their training 

pipelines depicted in Figure 4. Formally, let {𝑥̃𝑖}|𝑖=1
𝑚  denote a 

mini-batch of 𝑚 synthetic vein image examples, {𝑥̃𝑖
0}|𝑖=1

𝑚  and 

{𝑥̃𝑖
1}|𝑖=1

𝑚  denote two augmented views of {𝑥̃𝑖}|𝑖=1
𝑚  with 𝑥̃𝑖

0 =
𝑡0(𝑥̃𝑖)  and 𝑥̃𝑖

1 = 𝑡1(𝑥̃𝑖), 𝑡0~𝒯  and 𝑡1~𝒯  denote two random 

data augmentation transformations drawn from 𝒯 . Some 

augmented sample pairs are shown in Figure 5. The data 

augmentation settings are given in Table 2 while a comparison 

of different data augmentation strategies will be conducted in 

Section V-D. The loss function of SimCLR is formulated as:  

 

𝐿𝑆𝑖𝑚𝐶𝐿𝑅 =
1

2𝑚
∑ ∑ 𝑙𝑖,𝛿𝛿=0,1
𝑚
𝑖=1                                                  (2) 

 

𝑙𝑖,𝛿 = − log
exp(〈ℎ𝑖

𝛿,ℎ𝑖
1−𝛿〉/𝜏)

∑ exp⁡(〈ℎ𝑖
𝛿,ℎ𝑗

1−𝛿〉/𝜏)+𝑚
𝑗=1 ∑ exp⁡(〈ℎ𝑖

𝛿,ℎ𝑗
𝛿〉/𝜏)𝑚

𝑗=1,𝑗≠𝑖

             (3) 

 

where ℎ𝑖
𝛿 = 𝑝𝜃(𝑓𝜃(𝑥̃𝑖

𝛿)) , 𝑓𝜃  denotes the feature embedding 

network and 𝑝𝜃 denotes the projection network, 𝛿 ∈ {0,1} is an 

indicator variable. 𝜏  is a temperature parameter, which is 

empirically set to 0.05 in our experiments, 〈𝑢, 𝑣〉 ≜ 𝑢𝑇𝑣/
||𝑢||||𝑣|| denotes the cosine similarity between vectors 𝑢 and 

𝑣. On the other hand, BYOL alternately predicts the encoded 

outputs from one augmented view to the other view without the 

need for separating negative instances, expressed as: 

 

𝐿𝐵𝑌𝑂𝐿 =
1

2𝑚
∑ ∑ 𝑙(𝑥̃𝑖

𝛿 , 𝑥̃𝑖
1−𝛿)𝛿=0,1

𝑚
𝑖=1                                         (4) 

 

𝑙(𝑎, 𝑏) = 2 − 2〈𝑞𝜃(𝑝𝜃(𝑓𝜃(𝑎))), 𝑠𝑔(𝑝𝜉(𝑓𝜉(𝑏)))〉                           (5) 

 

where 𝑞𝜃 represents the prediction network and “sg” represents 

the stop-gradient operation, which are crucial for avoiding 

collapsed solutions when training without negative samples. 𝑓𝜉 

and 𝑝𝜉  represent the feature embedding network and the 

       
(a)                                                    (b) 

Figure 3. Comparison of (a) traditional generator and (b) style-based 

generator. 

Input noise
 

(a) 

 
(b) 

Figure 4. Training pipeline of (a) SimCLR and (b) BYOL. 
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projection network on the target encoder branch, which are 

updated by the exponential moving average of 𝑓𝜃 and 𝑝𝜃 with a 

momentum coefficient 𝜂, expressed as: 

 

𝜉 ← 𝜂𝜉 + (1 − 𝜂)𝜃                                                                (6) 

 

where⁡𝜃 represents the set of network parameters for 𝑓𝜃 and 𝑝𝜃,  

𝜉 represents the set of network parameters for 𝑓𝜉  and 𝑝𝜉 . We 

empirically set 𝜂=0.996 in our experiments. After training, only 

𝑓𝜃 will be retained for feature extraction, all the other network 

components will be discarded.  

C. Supervised Finetuning on Real Vein Samples 

After self-supervised pretraining on the synthetic dataset, it is 

necessary to finetune the feature extraction network with the 

original labeled training set for further improvement. We 

employ FusionAug for supervised finetuning using fusion loss 

with intra-class and inter-class data augmentation [18]. Given a 

mini-batch of 𝑛  training examples {𝑥𝑖 , 𝑦𝑖}|𝑖=1
𝑛  comprising 𝑃 

vein classes and 𝐾 image per class, where 𝑥𝑖 and 𝑦𝑖  denote the 

vein image and its class label. The fusion loss is given as: 

 

ℒ𝑓𝑢𝑠𝑖𝑜𝑛 = 𝛼ℒ𝑙𝑚𝑐𝑙 + 𝛽ℒ𝑡𝑟𝑖                                                            (7) 

 

where ℒ𝑙𝑚𝑐𝑙  and ℒ𝑡𝑟𝑖  denote the large margin cosine loss [73] 

and triplet loss [74]. 𝛼 and 𝛽 denote the weighting coefficients. 

ℒ𝑙𝑚𝑐𝑙 is given as: 

 

ℒ𝑙𝑚𝑐𝑙 =
1

𝑛
∑ − log

exp⁡(𝑠(〈𝑤𝑦𝑖
,𝑓𝑖〉−𝜌))

exp⁡(𝑠(〈𝑤𝑦𝑖
,𝑓𝑖〉−𝜌))+∑ exp⁡(𝑠〈𝑤𝑗,𝑓𝑖〉)

𝑐
𝑗≠𝑦𝑖

𝑛
𝑖=1          (8) 

 

where 𝑓𝑖 = 𝑓𝜃(𝑥𝑖) ∈ 𝑅𝑑  denotes the feature vector of 𝑥𝑖 , 𝑤 ∈
𝑅𝑑×𝑐  denotes the classifier weights with 𝑐  training classes. s 

and 𝜌 denote the scale and margin parameters. ℒ𝑡𝑟𝑖 is given as: 

 

ℒ𝑡𝑟𝑖 =
1

|𝕋|
∑ [‖𝑓𝑎 − 𝑓𝑝‖2

2
− ‖𝑓𝑎 − 𝑓𝑛‖2

2 + 𝛾]
+

(𝑎,𝑝,𝑛)∈𝕋                  (9) 

 

where 𝑓𝑎, 𝑓𝑝, 𝑓𝑛 denote the feature vectors of the anchor, positive and 

negative, respectively. 𝕋 denotes a set of semi-hard triplets and 

|𝕋| is the cardinality of set 𝕋, 𝛾 is a margin hyper-parameter 

and [∙]+ = max⁡(0,∙) denotes the rectifier function. This paper 

follows the parameter settings of fusion loss provided in [24].  

IV. MULTI-TEMPLATE ENROLLMENT USING FEATURE 

CLUSTERING 

Enrollment is an indispensable step for biometric applications 

and has a significant impact on performance. An effective 

enrollment strategy is essential for accurately and efficiently 

representing the identity being enrolled, consequently 

enhancing the overall verification accuracy. However, the 

investigation of enrollment methods is relatively underexplored 

in the existing literature. In a prior study [18], a real-time finger 

vein enrollment technique was presented, which relied on 

computing average features from consecutive frames. 

However, this single-template enrollment method exhibited 

sensitivity to vein pattern deformations induced by finger 

rolling, leading to the occurrence of false rejection errors. To 

address this issue, in this paper, we devise a multi-template 

enrollment method based on feature clustering, which is 

operated on the fly during enrollment. The overall procedure is 

shown in Figure 6. At the enrollment stage, we use our in-house 

finger vein acquisition device to capture n continuous frames 

from the enrolling finger at around 8 FPS, and then perform 

ROI extraction and alignment [7][75] to obtain the 

preprocessed frames {𝑣𝑖}|𝑖=1
𝑛 . We then extract the 

corresponding feature vectors {𝑓𝑖}|𝑖=1
𝑛  from each frame with a 

ResNet-18 embedding network 𝑓𝜃 , where 𝑓𝑖 = 𝑓𝜃(𝑣𝑖) ∈ 𝑅𝑑 . 

After that, we perform K-means clustering to the feature vectors 

and use the cluster centers as the enrollment templates for the 

given finger, expressed as:  

 

{𝑓̂𝑖}|𝑖=1
𝑘 = 𝑘𝑚𝑒𝑎𝑛𝑠({𝑓𝑖}|𝑖=1

𝑛 , 𝑘)                                             (10) 

 

where k denotes the number of clusters, {𝑓̂𝑖}|𝑖=1
𝑘  denote the k 

cluster centers, i.e., the enrolled templates. At the verification 

stage, the max cosine similarity score between the feature 

vector 𝑓 ∈ 𝑅𝑑  of the probing finger and the enrolled templates 

{𝑓̂𝑖}|𝑖=1
𝑘  will be computed to perform verification, expressed as:  

 

𝑠𝑐𝑜𝑟𝑒 = 𝑚𝑎𝑥({〈𝑓, 𝑓̂𝑖〉}|𝑖=1
𝑘 )                                                      (11) 

 

Figure 6. Our finger vein-based biometric verification system using multi-

template enrollment. 
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Figure 5. Synthetic sample pairs for contrastive learning via strong data 
augmentation. The settings of data augmentation can be found in Table 2. 

 
Table 2. Data augmentation settings for self-supervised contrastive 

learning. 

Type Data Augmentation Pipeline 

Finger vein 

RandomResizedCrop(size=(64,128, 

scale=(0.5,1.0), ratio=(1.5,2.5)), 
RandomRotation(degrees=3), 

ColorJitter(brightness=0.7, contrast=0.7); 

Palm vein ColorJitter(brightness=0.9, contrast=0.9) 
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By using this enrollment technique, we can more effectively 

represent the enrolled finger with multiple feature templates, 

resulting in improved verification accuracy. We will analyze 

the settings of n and k in the experimental section.  

V. EXPERIMENTS 

A. Datasets and Experimental Setup 

We conduct experiments on four finger vein databases (FV-

USM [76], UTFVP [77][78], SDMULA [79], HKPU [4]), two 

palm vein databases (Tongji [63], VERA [80]), and an in-house 

finger vein video database. Table 3 provides an overview of the 

public vein image databases, while the in-house database will 

be detailed in Section V-G. For finger vein, we preprocess all 

images to obtain the horizontally aligned ROI images with size 

64×128 using the classic methods [7], [75]. For palm vein, we 

used the ROI images released by the authors and resized them 

to 128×128. Different fingers or palms are treated as different 

vein classes. Our main experiments are conducted on FV-USM 

and Tongji. Each database is divided into a trainset (50%) and 

a testset (50%) according to vein classes. The trainset is used 

for training the generative and feature extraction models, and 

the testset is used for performance evaluation. For the UTFVP, 

SDMULA, HKPU and VERA databases, the whole database is 

treated as testset for evaluating the generalization performance, 

which will be detailed in section V-H. To perform biometric 

verification, we pair the images from different sessions in the 

testset to construct the genuine and imposter image pairs, which 

aligns closer with the actual working situation [24]. Cosine 

Table 3. Overview of four finger vein databases and two palm vein databases as well as summary of our training and testing configurations. For the HKPU 

database, we only used the images from the first 105 subjects available for both sessions. 

Attribute FV-USM UTFVP SDMULA HKPU Tongji VERA 

Meta information of database        

# subjects 123 60 106 156 300 50 
# fingers (palms) per subject 4 6 6 2 2 2 

# images per finger (palm) per session 6 2 6 6 10 5 

# sessions 2 2 1 1~2 2 2 

# total images 5904 1440 3816 3132 12000 1000 

Training & testing configurations 

# images in trainset  2952 0 0 0 6000 0 

# images in testset 2952 1440 3816 2412 6000 1000 

# genuine pairs from testset 8856 1440 9540 7560 30000 5500 

# imposter pairs from testset 2169720 516960 201930 1580040 8970000 1204500 

 
 

 

 

Figure 7. Visual quality assessment. Column 1~6: synthetic vein examples. Column 7: real vein examples; Row 1~4: Finger vein; Row 5~7: Palm vein. 
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similarity is used as the distance metric between the feature 

vectors. We employ receiver operating characteristics (ROC), 

equal error rate (EER), and false rejection rates (FRR) under 

different false acceptance rates (FAR) as performance metrics. 

The training and testing configurations are summarized in 

Table 3.  

B. Network Architectures and Training Details  

For vein image generation, we adapt the StyleGAN2 model 

from [25], which employed a skip-connected generator and a 

residual discriminator. The generator consists of an initial 

convolutional layer and six modulated convolutional blocks and 

finally outputs the vein image of size 128×128 for palm vein or 

64×128 for finger vein. The discriminator consists of seven 

convolutional residual blocks, a final convolutional layer as 

well as a fully-connected layer which outputs the predicted 

logits of real or fake. We use Adam optimizer with momentum 

parameters 𝛽1=0.5, 𝛽2=0.9 and a learning rate of 0.0002 for 

training the generator, and a learning rate of 0.0003 for training 

the discriminator, with a mini-batch size of 30. The models 

were trained for 150000 iterations.  

The embedding network used for biometric verification 

follows the standard ResNet-18 [81], which is initialized by 

ImageNet-pretrained weights. The projection network of 

SimCLR follows the “FC(512)+PReLU” architecture, while the 

projection network and prediction network of BYOL employ 

the same architecture of “FC(512)+BN(512)+ReLU+FC(128)”, 

where the number represents the output feature dimension. The 

models were trained with SGD (Stochastic Gradient Descent) 

using a learning rate of 0.01, a momentum of 0.9 and a weight 

decay factor of 0.0005 for SimCLR, and using a learning rate 

of 0.03, a momentum of 0.9 and a weight decay factor of 0.0003 

for BYOL. For supervised finetuning, we use SGD with a 

learning rate of 0.01 without using momentum and weight 

decay. The learning rates were decayed by multiplying 0.1 at 

60th epoch, and the training completes in 80 epochs.  

C. Assessment of Generated Vein Images 

In Figure 7, we perform a qualitative assessment on the 

synthetic vein images by demonstrating some typical vein 

image samples generated by StyleGAN2. The results reveal that 

the synthetic vein images have a good fidelity and diversity 

compared to the real vein images. Some detailed textures, such 

as the palmprint and wrinkles, can be faithfully synthesized. A 

good variety in the vein patterns, contrast, and brightness as 

well as the various shapes of the fingers can also be observed. 

These results show that the generator achieves relatively good 

modeling of the real image distribution. Therefore, the sample 

generation process from the learned distribution may be 

“imagined” as collecting more vein images from some random 

“virtual” human subjects, thereby may introduce new semantic 

knowledge that can be learned by using self-supervised 

contrastive learning due to the distinction of the synthetic vein 

samples.  

In Table 4, we perform a quantitative assessment of the 

generated vein images using the Fréchet Inception Distance 

(FID), which is a widely used metric for assessing the realism 

and diversity of generated images by measuring the Fréchet 

distance between the features of two sets of images extracted 

by an Inception-v3 model. We interpret the FID between the 

training and testing splits of the same database as ground truth. 

Meanwhile, the FID between two different vein databases 

serves as the comparative reference. We can observe that the 

FID of generated vein samples is generally reasonable, lying 

between the ground truth and the cross-database reference. The 

HKPU has a larger FID due to its observable visual difference 

compared to FV-USM. The FID of synthetic palm vein images 

is larger than that of finger vein, which may be because the palm 

vein images have more complex details and present a more 
challenging task for generative modeling. 

D. Pretraining Performance of GSCL 

Figure 8 shows the pretraining performance of GSCL when 

training with different number of synthetic vein samples using 

SimCLR and BYOL respectively. The results showed that 

SimCLR consistently outperformed BYOL with a lower error 

rate under different false acceptance rates. This result is 

different from the prior study [27] where BYOL usually 

achieves similar or better performance than SimCLR in the 

general-object datasets. We speculate that this is because the 

sample difference of the synthetic vein samples is relatively 

small compared to that of the general-object images. As a result, 

the explicit participation of negative samples in contrastive 

learning can help SimCLR more effectively learn to distinguish 

between different samples, which can enhance the inter-class 

separation ability of the learned features, thereby achieving 

more discriminative power than BYOL. In contrast, since the 

images in the general-object datasets usually have larger sample 

    

    
Figure 8. Pretraining performance of GSCL based on different numbers of synthetic training samples. Upper row: FV-USM; Lower row: Tongji. 
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difference, therefore, BYOL can easily learn the inter-class 

separability even without the explicit participation of negative 

samples. With the increase of synthetic samples, the 

performance can be gradually improved, and gradually become 

saturated beyond a certain amount (around 2~3 times of the 

original training set size). This is generally reasonable because, 

after all, the generator was trained on a relatively small dataset, 

it is unrealistic to perfectly model the real image distribution to 

generate new semantic knowledge infinitely.  

In Table 5, we also compare with applying contrastive 

learning directly on the real training set, which shows inferior 

performance compared to contrastive learning on the synthetic 

samples. This may be because the real vein samples from the 

same category usually have a high similarity that may be 

harmful for self-supervised contrastive learning, as it implicitly 

treats different samples as a unique category to learn 

discriminative features. In contrast, the distinctness of the 

synthetic samples naturally satisfies the instance separating 

assumption of self-supervised contrastive learning, thereby 

helpful for learning discriminative features. In Table 6, we 

examine the efficacy of different data augmentation strategies 

for self-supervised contrastive learning. The results show that a 

combination of geometric and photometric augmentations is 

important for synthetic finger vein images. In contrast, color 

jittering alone yields the best performance for synthetic palm 

vein images. This variation in data augmentation strategies is 

mainly attributed to the distinct characteristics of the vein 

databases. The palm vein testset primarily presents photometric 

variations, such as changes in lighting and contrast. Color 

jittering augmentation effectively captures these variations, 

enhancing model performance on this specific data. Conversely, 

rigid geometric augmentations, like rotations, scaling and 

cropping, can distort the palm vein structure and disrupt the data 

distribution, leading to suboptimal results. In contrast, the 

finger vein testset exhibits both photometric and geometric 

variations. The latter likely arises from varying finger positions 

during image acquisition. To effectively model this sample 

diversity, an integrated augmentation approach incorporating 

both color jittering and geometric augmentations is important. 

This strategy enhances the model's ability to generalize to 

unseen data. 

On the other hand, we also experimented with different 

hyper-parameter settings when pretraining on the synthetic 

samples to better understand the performance of GSCL. The 

performance of SimCLR under different temperature 𝜏 and the 

performance of BYOL under different momentum 𝜂  are 

summarized in Table 7 and Table 8 respectively, showing a 

relative stable performance across different parameter settings. 

The performance of SimCLR and BYOL under various batch 

Table 7. Performance of SimCLR under different temperature (𝜏) settings. 

Temperature 0.03 0.04 0.05 0.06 0.07 0.08 

EER 

(%) 

FV-USM 1.21 1.03 1.16 1.08 1.19 1.38 

Tongji 4.21 4.34 4.62 5.33 5.02 5.02 

 

Table 8. Performance of BYOL under different momentum (𝜂) settings. 

Momentum 0 0.98 0.99 0.993 0.996 0.999 

EER
(%) 

FV-USM 4.74  5.00  4.97  3.90  3.49  4.27  

Tongji 12.55  11.49  9.80  10.46  7.77  7.39 

 

Table 9. Performance of SimCLR under different batch sizes. The learning 

rates are adjusted for different batch sizes for a fair comparison. 

Batch size 16 32 64 128 256 512 

EER 
(%) 

FV-USM 1.22  1.13  1.16  1.19  1.30  1.54  

Tongji 7.13  5.93  4.62  4.28  4.81  7.34  

 

Table 10. Performance of BYOL under different batch sizes. The learning 

rates are adjusted for different batch sizes for a fair comparison. 

Batch size 16 32 64 128 256 512 

EER
(%) 

FV-USM 3.54  4.74  3.49  4.49  4.00  6.32  

Tongji 10.58  9.85  7.77  7.15  9.95  17.67  

 

Table 11. Performance of SimCLR and BYOL when using different MLP 

architectures as the projector for SimCLR and as the projector and predictor 

for BYOL. 

Method MLP architecture EER (%) 

FV-USM Tongji 

SimCLR FC+PReLU 1.16 4.62 

FC+BN+ReLU+FC 1.65 6.25 

BYOL FC+PReLU 6.11 14.82 

FC+BN+ReLU+FC 3.49 7.77 

 

  
Figure 9. Convergence of SimCLR and BYOL when trained on the 

synthetic dataset. Left: FV-USM; Right: Tongji. 
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Table 4. Evaluation of FID for the generated vein images. (lower is better) 

Type Setting FID↓ 

Finger vein 

FV-USM_trainset vs. FV-USM_testset 

(GT) 
13.1 

FV-USM_real vs. FV-USM_generated 48.1 

FV-USM vs. UTFVP 68.2 

FV-USM vs. HKPU 221.7 

Palm vein 

Tongji_trainset vs. Tongji_testset (GT) 6.6 

Tongji_real vs. Tongji_ generated 72.7 

Tongji vs. VERA-Palmvein 93.0 

 
Table 5. Comparison of EER (%) by performing self-supervised contrastive 
learning on real training set and synthetic samples, respectively.  

Type # samples SimCLR BYOL 

Real FV training set 2952 3.77 6.03 

Synthetic FV samples 3000 2.29 7.99 

Synthetic FV samples 20000 1.16 3.49 

Real PV training set 6000 8.86 11.00 

Synthetic PV samples 6000 5.48 8.51 

Synthetic PV samples 10000/15000* 4.62 7.77 

(*: 10000 for SimCLR, 15000 for BYOL) 

 

Table 6. Comparison of different data augmentation strategies for self-

supervised contrastive learning on synthetic samples based on SimCLR. 

Type ColorJitter RandRsCrop RandRotation EER (%) 

FV ✓ ✓ ✓ 1.16 

✓ ✓  1.23 

✓  ✓ 10.66 

 ✓ ✓ 20.93 

PV ✓ ✓ ✓ 7.87 

✓ ✓  8.01 

✓   4.62 
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sizes are summarized in Table 9 and Table 10 respectively. A 

batch size of 64 usually works well for both finger vein and 

palm vein samples and thus is adopted in our final pretraining 

scheme. Table 11 shows the performance of using different 

projector (predictor) architectures for SimCLR and BYOL. The 

results showed that a simple projector architecture of 

FC+PReLU works well for SimCLR, while BatchNorm is 

necessary for BYOL’s projector and predictor to achieve better 

performance, which is also consistent with the empirical 

findings of [27]. Figure 9 illustrates the training process, 

showing that SimCLR and BYOL can be effectively converged 

within 80 training epochs.  

E. Finetuning Performance of GSCL 

Figure 10 summarizes the performance of GSCL when further 

finetuned on the original training set with category labels. We 

use the prior work FusionAug [18] as the supervised baseline 

for finetuning. We can find that SimCLR+FusionAug obtained 

a consistent performance improvement compared to the 

supervised baseline under different numbers of synthetic 

samples, indicating the benefit of SSL pretraining on synthetic 

samples. However, BYOL+FusionAug cannot achieve 

consistent performance improvement compared to the 

supervised baseline due to its weak pretraining performance. In 

Table 12, we report the average performance of different 

training schemes by repeating the training three times with 

different random seeds. The corresponding ROC curves are 

shown in Figure 11. We can again find that SimCLR-based 

GSCL (SimCLR+FusionAug) achieved consistent performance 

improvement compared to the supervised baseline FusionAug 

under different false acceptance rates, whereas the BYOL-

based GSCL showed less effective performance improvement 

compared to the supervised baseline. Moreover, finetuning on 

the original training set is also critical to achieve better 

performance, since the category labels can provide extra 

supervision and semantic knowledge. Based on these results, 

we employ SimCLR+FusionAug as the final scheme for GSCL.  

Additionally, as presented in Table 13, we evaluate the 

performance of GSCL under two distinct pretraining paradigms: 

    
Figure 10. Finetuning performance of GSCL when pretrained with different number of synthetic samples. The results in orange represent the supervised 

baseline FusionAug (F_A) which is only trained on the real training set. 

 

  
Figure 11. ROC curves of different training schemes. Left: FV-USM; Right: Tongji 

 
Table 12. Verification performance (%) of different training schemes. (FusionAug: train on original training set by FusionAug; SimCLR (20000): train on 

20000 synthetic samples with SimCLR; SimCLR+FusionAug: pretrain with SimCLR (20000) and finetune with FusionAug; The same notations apply to 

BYOL.) 

Database Method EER FRR@FAR=10-2 FRR@FAR=10-3 FRR@FAR=10-4 

FV-USM 

FusionAug 0.45 ±0.11 0.28 ±0.18 1.50 ±0.22 4.96 ±0.72 

SimCLR (20000) 1.18 ±0.11 1.36 ±0.19 6.37 ±1.38 15.14 ±3.22 

SimCLR+FusionAug 0.24 ±0.03 0.03 ±0.04 0.66 ±0.14 2.32 ±0.19 

BYOL (20000) 3.95 ±0.42 9.00 ±0.40 22.54 ±0.87 41.84 ±2.89 

BYOL+FusionAug 0.50 ±0.09 0.22 ±0.09 2.02 ±0.61 7.13 ±2.28 

Tongji 

FusionAug 1.56 ±0.14 2.07 ±0.35 5.91 ±0.31 11.69 ±0.73 

SimCLR (10000) 4.74 ±0.37 11.56 ±1.33 25.78 ±2.80 43.55 ±4.78 

SimCLR+FusionAug 1.11 ±0.12 1.20 ±0.22 3.66 ±0.26 8.40 ±0.53 

BYOL (15000) 8.29 ±0.53 25.36 ±2.69 45.85 ±4.76 63.64 ±6.19 

BYOL+FusionAug 1.93 ±0.10 2.83 ±0.12 7.71 ±0.16 15.86 ±0.20 
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supervised pretraining and self-supervised pretraining on 

synthetic samples. The results showed that supervised 

pretraining yields a reduced performance, indicating the 

efficacy of the proposed scheme. This is because using 

supervised learning for the synthetic samples requires a large 

instance-based parametric classifier, potentially leading to 

inefficient optimization and reduced performance [61]. In 

contrast, SCL performs representation learning explicitly in the 

feature space by learning augmentation-invariant and instance-

separating features, achieving improved learning efficiency and 

enhanced representation quality.  

F. Comparison of Different Approaches 

We compare the proposed method with different approaches for 

biometric vein verification, including the classic approaches 

[10] based on binary vein pattern extraction (MC [8], PC [82], 

RLT [6], Gabor [4], WLD [7], cGAN [30], [83], CycleGAN 

[29], [84], CNN [28]), and the deep learning-based approaches 

based on embedding vector extraction (FusionAug [18], 

InterSample [24], PalmRCNN [63], CR_CompCode [85]). For 

finger vein verification, the embedding network of GSCL is 

pretrained on 20000 synthetic finger vein samples by SimCLR 

and then finetuned on the original training set by FusionAug. 

For palm vein verification, GSCL’s embedding network is 

pretrained on 10000 synthetic palm vein samples by SimCLR 

and then finetuned on the original palm vein training set by 

FusionAug. The EER performance and feature extraction time 

of different approaches are summarized in Table 14, while the 

ROC curves are shown in Figure 12. The feature extraction time 

is measured by the average time (run by 100 times) for 

extracting features from a single image under a 3.6GHz Inter 

CPU. We can find that GSCL outperformed the other 

approaches for finger vein verification, while the vein pattern-

based approaches tend to achieve better performance for palm 

vein verification at lower false acceptance rates, as can be 

observed from the ROC curves in Figure 12. This may be 

because the palm vein images contain additional identity 

information (e.g., palmprint and the palm wrinkles) that can be 

indistinguishably extracted by the vein pattern-based 

approaches to enrich the features, whereas the embedding 

learning approaches fail to capture such subtle and useful 

features [24]. Moreover, the approaches of cGAN and 

Table 13. Performance of GSCL under supervised pretraining and self-

supervised pretraining with the synthetic samples, respectively.  

Setting 
EER (%) 

FV-USM Tongji 

GSCL (supervised pretraining) 0.33 1.30 

GSCL (self-supervised pretraining) 0.21 1.07 

 
Table 14. Performance comparison of different approaches for biometric 

vein verification.  

 Approach EER (%) 
Time for Feature 

extraction (ms) 

F
V

-U
S

M
 

MC 3.74 69.8 

PC 3.44 4.3 

RLT 5.24 954.1 

WLD 5.55 10.9 

Gabor 4.41 11.6 

cGAN 3.15 23.4 

CycleGAN 4.61 27.4 

CNN 1.69* - 

FusionAug 0.45 7.8 

InterSample 0.32 7.8 

GSCL 0.21 7.8 

T
o
n
g
ji

 

MC 1.25 132.3 

PC 1.28 5.4 

RLT 2.16 1028.8 

WLD 2.36 23.7 

Gabor 1.37 16.1 

cGAN 1.03 44.3 

CycleGAN 2.27 49.4 

PalmRCNN 2.30* - 

CR_CompCode 4.41 7.2 

FusionAug 1.56  9.2 

InterSample 1.19  9.2 

GSCL 1.02  9.2 

 
Table 15. Verification performance (FV-USM) and model complexity of 

GSCL using different embedding network architectures.  

Network architecture ResNet-18 ResNet-34 ResNet-50 

Verification performance (%) 

Pretrain 

 

EER 1.16 1.17 1.20 

FRR@FAR=10-2 1.43 1.46 1.42 

FRR@FAR=10-3 7.96 8.05 5.48 

FRR@FAR=10-4 18.71 17.85 11.90 

Finetune 

 

EER 0.21 0.23 0.21 

FRR@FAR=10-2 0.00 0.03 0.00 

FRR@FAR=10-3 0.50 0.54 0.49 

FRR@FAR=10-4 2.18 1.66 1.83 

Model complexity 

Feature extraction time (ms) 7.8 13.0 19.7 

G-FLOPs 0.6 1.2 1.34 

Model parameters (million) 11.4 21.6 24.6 

 

 
 

 
Figure 12. ROC curves of different approaches for biometric vein 

verification. Up: FV-USM; Down: Tongji. 
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CycleGAN requires using traditional algorithms to extract the 

binary vein patterns to construct the training data, whereas the 

GSCL has no such reliance. It is worth noting that GSCL 

achieved superior performance to InterSample [24], which is 

most related to our approach but using a more complicated 

training process based on conditional vein image generation in 

multiple synthetic stages. In addition, the feature extraction 

time of GSCL is lower than most of the approaches, requiring 

less than 10 ms for single image feature extraction under a 

regular desktop CPU. By fully mining the semantic prior 

knowledge of the vein data through generative and contrastive 

modeling, the proposed GSCL approach effectively alleviates 

the data shortage issue and obtains superior performance 

compared to the latest deep learning approaches for vein-based 

biometric verification.  

In addition to the Resnet-18, we also tried using deeper 

model as the feature embedding network, such as Resnet-34 and 

Resnet-50. The verification performance and model complexity 

of different embedding networks trained by GSCL are 

summarized in Table 15. We can observe that the ResNet-18 

generally achieves the best trade-off between verification 

accuracy and efficiency. Indeed, due to the relatively small size 

of the vein databases, the model capacity of Resnet-18 may be 

enough for vein-based biometric verification applications.  

G. Analysis of Multi-template Enrollment 

In order to provide a quantitative performance evaluation of the 

proposed multi-template enrollment method, we collected a 

finger vein video database to simulate on-the-fly enrollment. 

The details of the database can be found in Table 16. The 

database was collected from 21 subjects in two separate 

sessions. The time interval of the two sessions is between 1~3 

days. In each session, we acquired one video from each of the 

six fingers (index, middle, ring of both hands) of each subject, 

resulting in 252 videos in total. Each video contains 120 

continuous vein image frames (around 15 seconds), which 

cover a variety of geometric variations of the finger (such as 

translation, rotation, pitching, yawing and rolling within a 

sensible range). Some example frames from a sample video are 

shown in Figure 13. The whole database contains 30240 image 

frames at a resolution of 200×400. The first session is used for 

enrollment, while the second session is used for testing. As a 

result, the verification set contains 15120 genuine matchings 

and 1890000 imposter matchings for performance evaluation.  

To obtain better performance at practical application, we 

trained the feature embedding network (ResNet-18) on the 
entire FV-USM database based on the GSCL scheme. 

Specifically, we first trained a StyleGAN2 generator using the 

entire FV-USM database. We then used this generator to 

generate 20000 finger vein images to pretrain the embedding 

network with SimCLR. After that, we further finetuned the 

embedding network on the entire FV-USM database using 

FusionAug. It is worth noting that the training database is 

completely irrelevant to our in-house testing database, which is 

a challenging open-set scenario. For enrollment, we run K-

means clustering on each vein class (120 frames) separately and 

consider the same number of clusters for each class. The 

dimension of the embedding feature vector is 512.  

Table 16. Overview of the in-house finger vein video database. 

# subjects # fingers # sessions # videos # frames 

21 126 2 252 30240 

 

 
1           18          30           46         67         81        103         112 

Figure 13. Example frames from a finger vein sample video. 

 

 
Figure 14. Performance of using different number of templates based on 

n=120 enrolled frames.  

 

 
Figure 15. Performance of using different number of frames for enrollment 

based on k=5 templates.  
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Figure 16. Qualitative analysis of feature clustering based on two different 
enrolled fingers from different subjects. On the left, we visualize the 

clustered features by tSNE based on n=80 frames and k=5 templates. 

Different colors represent different clusters, the cluster centers (enrolled 

templates) are marked by star. On the right, we show the top-3 vein images 

closest to each cluster center. “r, g, b, c, m” corresponds to red, green, blue, 

cyan, magenta, respectively. 
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Figure 14 showed that our multi-template approach 

significantly outperformed the baseline approach SF, which 

uses a single frame (SF) of the finger at standard frontal position 

for enrollment. As the number of templates was increased, the 

performance was improved accordingly, and gradually became 

plateaued beyond 5 templates. Since using more templates 

would cost extra storage and increase the matching computation, 

we empirically suggest a template number between 3~6 for 

practical use as a trade-off between verification performance 

and computational complexity. In Figure 15, we evaluated the 

performance of capturing different numbers of frames for 

enrollment based on 5 templates. The results showed that 

increasing the number of frames effectively improved the 

performance, since it can record more variations of the enrolled 

finger. The performance improvement gradually saturates at 

round 80 frames. In Figure 16, we visualize the distribution of 

the clustered features and the corresponding vein image 

samples. We can observe a large intra-class variation within 

each enrolled finger, which can be sufficiently represented 

through different feature templates. In essence, our enrollment 

method is built upon the principles of feature-level fusion 

(using the cluster centers as templates for enrollment) and 

score-level fusion (using the max-fusion rule during 

verification). Adapting these fusion principles into the context 

of enrollment facilitates fusing diverse and valuable 

information from a finger vein video sequence to represent a 

person’s identity more effectively, thereby leading to improved 

verification performance.  

H. Generalization Performance 

In this section, we examine the performance of GSCL under 

different generalization scenarios. The feature extraction model 

was trained on the trainset of FV-USM, and evaluated on 

different vein databases, covering different generalization 

scenarios: inner-database, cross-database and cross-modality 

generalization. The results are summarized in Table 17. We can 

observe that GSCL has impressive inner-database 

generalizability. The performance remains promising for cross-

database generalization. However, a significant performance 

drop is observed for cross-modality generalization from finger 

vein to palm vein. This is largely because different vascular 

modalities have different discriminating characteristics and 

image distributions. Exploration of universal feature 

representation that can generalize to different vascular 

modalities is an interesting future work.  

VI. CONCLUSIONS 

This paper presents a generative self-supervised contrastive 

learning framework, designed from a data-centric viewpoint for 

fully mining the potential prior knowledge in the context of 

limited vein data to enhance feature representations for vascular 

biometric verification. The proposed GSCL framework 

incorporates three key components: unconditional generative 

image modeling, self-supervised contrastive learning, and 

supervised finetuning. The generative modeling can provide 

contrastive learning with numerous discriminative synthetic 

vein image samples carrying rich semantic knowledge, while 

the discriminative modeling with self-supervised pretraining 

and supervised finetuning enables the network to effectively 

learn rich prior knowledge from synthetic and real image 

samples for enhancing feature representations. Additionally, we 

introduce a clustering-based multi-template enrollment method, 

which contributes to more reliable enrollment and effectively 

improves the practical biometric verification performance. 

Comprehensive experiments performed on seven vein 

databases demonstrate the efficacy of the proposed method in 

improving the feature representation ability and its promising 

performance.  

Future work shall explore more effective self-supervised 

learning techniques (e.g., mask image modeling) to tackle the 

data scarcity challenge more effectively. Furthermore, the 

generative self-supervised contrastive learning approach offers 

an alternative method for utilizing synthetic data in lieu of raw 

data when training deep neural networks. This eliminates the 

need for direct access to real biometric data, thereby promoting 
privacy protection for AI research.  
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