
Academic Editor: Jules-Raymond

Tapamo

Received: 18 May 2026

Revised: 28 June 2026

Accepted: 6 July 2026

Published: 8 July 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

HDC-Net: A Heterogeneous Dual-Stream Network with
Supervised Contrastive Learning for Contactless Palmprint and
Palm Vein Fusion Recognition
Zhiting Zhuang 1, Fen Dai 1,*, Yanyun Li 1, Ze Xiong 1, Fusheng Niu 1 and Xiangqun Zou 2,3

1 College of Artificial Intelligence and Low-Altitude Technology, South China Agricultural University,
Guangzhou 510642, China; 20243169053@stu.scau.edu.cn (Z.Z.); liyanyun2002@stu.scau.edu.cn (Y.L.);
20253172040@stu.scau.edu.cn (Z.X.); 20253169030@stu.scau.edu.cn (F.N.)

2 College of Artificial Intelligence, Zhujiang College, South China Agricultural University,
Guangzhou 510900, China; nkwavelet@163.com

3 Guangdong Engineering Technology Research Center for Artificial Intelligence Empowered Media
Technologies and Applications, Guangzhou 510900, China

* Correspondence: daifen@scau.edu.cn

Abstract

With the advancement of contactless biometric technologies, improving recognition accu-
racy and robustness in unconstrained environments remains a significant challenge. To
address insufficient feature representation caused by modality discrepancies, as well as non-
compact feature distributions, we propose HDC-Net, a contactless palmprint and palm vein
fusion recognition model based on a heterogeneous dual-stream network and supervised
contrastive learning. Specifically, a heterogeneous dual-stream feature extraction architec-
ture is designed to learn modality-specific representations from palmprint and palm vein
images. Supervised contrastive learning is introduced to enhance intra-class compactness
and improve inter-class separability. Furthermore, a cross-modal interaction fusion module
is developed to facilitate complementary feature learning across modalities. Experimental
results on Tongji, CASIA-MS, and the self-built SCAU-PM dataset demonstrate that the
proposed method achieves equal error rates (EERs) of 0.05%, 0.21%, and 0.02%, respectively.
These results indicate that the proposed method achieves reliable recognition performance
across different datasets and provides a feasible approach for contactless palmprint and
palm vein fusion recognition.

Keywords: palmprint and palm vein; multimodal fusion; heterogeneous dual-stream
network; supervised contrastive learning; contactless biometrics

1. Introduction
With the increasing demand for contactless identity authentication, biometric recogni-

tion has become increasingly important in practical applications. Compared with single-
modal biometrics such as fingerprint and face recognition, palmprint and palm vein fusion
recognition have attracted increasing attention due to their contactless acquisition and
the complementarity of textural and structural features [1,2]. In complex, uncontrolled
environments, multimodal fusion can partially compensate for the limitations of single
modal information, thereby improving robustness [3]. Existing studies have systematically
reviewed multimodal hand recognition methods [4].

Early palmprint recognition relied mainly on handcrafted features for identity repre-
sentation. Two-dimensional Gabor phase encoding was employed for palmprint feature
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extraction [1]. Later studies gradually shifted toward deep learning-based approaches.
Under deep learning frameworks, parameter-sharing networks were proposed [5]. Spa-
tial transformer networks were introduced for geometric alignment [6]. CompNet was
proposed to extract texture features [7]. For palm vein recognition, local structure-based
descriptors were used for feature extraction [8]. The effectiveness of deep neural networks
has been validated [9]. In addition, lightweight models have been proposed to improve
computational efficiency [10].

Early multimodal fusion methods mainly relied on handcrafted features and simple fu-
sion strategies. Score-level fusion frameworks were introduced [11]. Subsequently, weighted
score-level fusion methods were applied to palmprint and palm vein fusion recognition [12].
However, their robustness remained relatively limited. With the advancement of deep learn-
ing, multimodal fusion has gradually shifted toward deep feature learning. Fusion methods
based on DCNN for palmprint and palm vein recognition were proposed [13]. Feature-level
fusion methods have gradually attracted increasing attention [14]. Recently, feature-level
fusion methods have been explored from the perspective of inter-modal correlation [3]. In
recent years, hybrid fusion strategies [15], adaptive weighted fusion methods [16], image
enhancement-based fusion recognition methods [17], and knowledge distillation-based
single-stream fusion learning methods [18] have been proposed, further improving the
collaborative representation capability of multimodal features. In addition, cross-modal
matching and feature representation methods have also received attention, including feature
representation approaches based on deep hashing and fuzzy commitment mechanisms [19],
cross-modal matching methods based on collaborative hashing learning [20], and cross-
modal feature construction methods based on geometric intersecting features of palmprint
and palm vein [21]. Existing studies have achieved encouraging progress. Further research
on enhancing the complementarity and representation capability of multimodal features, as
well as optimizing feature space representation, remains worthwhile.

First, there is a mismatch between the feature extraction architecture and modality
characteristics. Most existing fusion methods adopt symmetric backbone networks for
feature extraction. However, palmprint patterns are dominated by fine-grained textu-
ral details, whereas palm veins capture vascular structural characteristics [2]. The two
modalities differ in imaging mechanisms and feature representation. In this case, us-
ing identical network depth and channel configurations may lead to insufficient texture
representation or redundant structural features, thereby degrading discriminative ability.
Existing studies have mainly focused on fusion strategy design [15]. Cross-modal studies
demonstrate that modality-specific feature extraction enhances feature representation capa-
bility [22]. Therefore, designing backbone architectures adapted to modality differences
remains an important research direction. From the perspective of feature learning, different
modalities contain distinct types of information and spatial distribution characteristics,
resulting in different requirements for feature representation capability. Palmprint images
are mainly characterized by fine-grained texture details and therefore require more effective
preservation of texture information, whereas palm vein images are dominated by vascular
topological structures and require greater emphasis on spatial structural representation.
Therefore, adopting feature extraction architectures adapted to the characteristics of dif-
ferent modalities may help improve the complementarity and representation capability of
multimodal features.

Second, a single optimization objective may lead to insufficient compactness in the
feature embedding space. Existing training methods primarily rely on ArcFace loss [23]
or Softmax loss, which enhance separability by enlarging inter-class margins but do not
explicitly constrain distances between samples. In uncontrolled environments, variations in
illumination and pose can increase intra-class variance, leading to more dispersed sample
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distributions and unstable class boundaries, thereby degrading the model’s generalization
performance. Previous studies have improved robustness through feature decoupling [24],
but generally do not explicitly introduce constraints to enhance intra-class compactness
and improve inter-class separability. In contrast, supervised contrastive learning improves
the feature space structure by enhancing intra-class compactness and improving inter-class
separability [25], and further optimizes the feature space representation [26]. However, its
application in palmprint and palm vein fusion recognition remains limited.

To address the above problems, this paper proposes HDC-Net, a contactless palmprint
and palm vein fusion recognition model based on a heterogeneous dual-stream network
and supervised contrastive learning. Inspired by MobileNetV3 [27] and MobileFaceNet [28],
we construct a heterogeneous dual-stream backbone architecture. To address modality
discrepancies, the palmprint branch integrates the SE module [29] to enhance texture
representation, defined as the Texture Enhancement Branch (TE-Branch). The palm vein
branch adopts the CoordAtt attention mechanism [30] to enhance spatial feature repre-
sentation, defined as the Structure Perception Branch (SP-Branch). At the optimization
level, supervised contrastive learning is introduced to enhance intra-class compactness and
inter-class separability [26]. At the fusion level, inspired by the dual-attention mechanism
of CBAM [31], we design a Cross-Palm Attention (CPA) module, enabling cross-modal
feature fusion and collaborative representation via intermediate-layer spatial interaction.

The main contributions of this study are summarized as follows.

1. We propose HDC-Net, a contactless palmprint and palm vein fusion recognition
model based on a heterogeneous dual-stream network and supervised contrastive
learning. Specifically, a modality-specific feature extraction framework is constructed
by designing a Texture Enhancement Branch (TE-Branch) for palmprint representation
and a Structure Perception Branch (SP-Branch) for palm vein representation. This
design adopts differentiated network structures according to the characteristics of
different modalities, enhancing feature complementarity while preserving discrimina-
tive information from each modality, thereby improving the representation capability
of the fused features.

2. A supervised contrastive learning loss is introduced to leverage label information,
enhancing intra-class compactness and improving inter-class separability, thereby
improving the discriminative ability of the model.

3. A Cross-Palm Attention (CPA) module is proposed to enable cross-modal feature
interaction and fusion via coordinated channel and spatial attention.

Experimental results demonstrate the effectiveness and robustness of the proposed
method across multiple datasets, further validating its applicability to contactless palmprint
and palm vein fusion recognition.

2. Materials and Methods
2.1. Datasets

To evaluate the performance and robustness of HDC-Net in contactless multimodal
fusion recognition, experiments were conducted on two public datasets and one self-
constructed dataset. The detailed statistics are summarized in Table 1. The Tongji con-
tactless palmprint and palm vein dataset [13,32] (hereinafter referred to as the Tongji
dataset) contains visible-light palmprint images and near-infrared palm vein images from
300 subjects, comprising 600 classes. Images from the first acquisition session (Session 1)
are used in this study, resulting in a total of 6000 multimodal sample pairs. The CASIA
multispectral palmprint dataset [33,34] (hereinafter referred to as the CASIA-MS dataset)
contains 200 classes. Based on wavelength differences, images captured at 460 nm are
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selected as the palmprint modality, while those at 850 nm are used as the palm vein
modality, resulting in 1200 multimodal sample pairs. In addition, a contactless palmprint
and palm vein multimodal dataset (hereinafter referred to as SCAU-PM) is constructed,
comprising 200 classes, to evaluate the model performance under complex conditions.
In this dataset, palmprint and palm vein images are acquired under visible-light and
near-infrared conditions, respectively. The dataset includes variations in illumination,
pose, and background, with a total of 1537 sample pairs. The SCAU-PM dataset was
collected at South China Agricultural University and contains images from 100 subjects,
resulting in 200 classes from both left and right hands. Palmprint images were acquired
using smartphone cameras under visible-light conditions, while palm vein images were
captured using an 850 nm near-infrared imaging device. All images were collected in
a contactless manner. To better simulate practical application scenarios, no strict con-
straints were imposed on hand pose, acquisition distance, or background conditions.
Consequently, the dataset contains variations in background, viewing angle, and hand
posture. The palmprint and palm vein images originate from the same subject and the
same hand and are organized as paired multimodal samples, ensuring identity consistency
across modalities.

Table 1. Detailed statistics of the three multimodal datasets used in the experiments.

Dataset Number of Classes Number of Sample Pairs Total Number of Images

Tongji 600 6000 12,000
CASIA-MS 200 1200 2400
SCAU-PM 200 1537 3074

During the data preprocessing stage, the officially released region-of-interest (ROI)
images provided by the Tongji dataset are used. For the CASIA-MS and SCAU-PM datasets,
ROI extraction is performed on the original palmprint and palm vein images, followed
by automatic cropping via keypoint localization and geometric normalization to obtain
standardized palm regions. Finally, all ROI images are fed into the multimodal fusion
network. As illustrated in Figure 1, representative multimodal ROI samples from the three
datasets are presented.

 

Figure 1. Examples of multimodal ROI samples from the three datasets.

2.2. Overall Framework

To address the efficient extraction and robust fusion of multimodal features in con-
tactless palmprint and palm vein recognition, this study proposes HDC-Net, a contactless
palmprint and palm vein recognition model based on a heterogeneous dual-stream network
and supervised contrastive learning. As illustrated in Figure 2, the overall architecture of
HDC-Net consists of three core components.
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Figure 2. Overall architecture of HDC-Net.

1. Heterogeneous dual-stream feature extraction module. Considering the differences
in texture and structural characteristics between palmprint and palm vein modali-
ties, a Texture Enhancement Branch (TE-Branch) and a Structure Perception Branch
(SP-Branch) are constructed for modality-specific feature extraction.

2. Supervised contrastive learning module. A hybrid optimization objective combin-
ing ArcFace classification loss and InfoNCE contrastive loss is employed to learn
discriminative feature representations with intra-class compactness and inter-class
separability in the embedding space.

3. Cross-Palm Attention (CPA) intermediate fusion module. Intermediate-level spatial
features are extracted from feature maps, and cross-modal feature enhancement and
fusion are achieved through parallel attention mechanisms and adaptive weighting.

2.3. Heterogeneous Dual-Stream Feature Extraction

Traditional dual-stream networks typically adopt fully symmetric backbone architec-
tures such as dual-branch ResNet. However, such designs often neglect the modality gap
between palmprint and palm vein images in terms of imaging mechanisms and structural
distributions. Specifically, palmprint images mainly contain rich epidermal fine-grained tex-
ture information, whereas palm vein images exhibit relatively sparse subcutaneous vascular
structures with topological characteristics. To address this issue, HDC-Net adopts a hetero-
geneous dual-stream architecture where two asymmetric feature extraction branches are
designed to adapt to the characteristics of each modality. The detailed backbone structures
and parameter settings are provided in Table 2. Given preprocessed palmprint and palm
vein images, the model learns discriminative feature representations from both modalities
and finally outputs an L2-normalized fused feature embedding.

Table 2. Parameter configuration of the heterogeneous dual-stream backbone network of HDC-Net.

Stage TE-Branch (Palmprint) SP-Branch (Palm Vein) Output Size
(C × H × W)

Input 1 × 128 × 128 1 × 128 × 128
PP: 1 × 128 × 128
PV: 1 × 128 × 128

Stage 1 (Stem) Conv(3 × 3, s = 2, C = 16), SE Block Conv(3 × 3, s = 2, C = 8)
PP: 16 × 64 × 64
PV: 8 × 64 × 64
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Table 2. Cont.

Stage TE-Branch (Palmprint) SP-Branch (Palm Vein) Output Size
(C × H × W)

Stage 2 (Shallow) 1 × DW-ResBlock_CA(C = 32, s = 2);
3 × DW-ResBlock_CA(C = 32, s = 1)

1 × DW-ResBlock_CA(C = 16, s = 2)
PP: 32 × 32 × 32
PV: 16 × 32 × 32

Stage 3 (Mid-level) 1 × DW-ResBlock_CA(C = 64, s = 1);
5 × DW-ResBlock_CA(C = 64, s = 1)

4 × DW-ResBlock_CA(C = 16, s = 1)
PP: 64 × 32 × 32
PV: 16 × 32 × 32

Stage 4 (Deep) 1 × DW-ResBlock_CA(C = 128, s = 2);
CoordAtt; Conv(1 × 1, C = 64)

1 × DW-ResBlock_CA(C = 8, s = 2)
PP: 64 × 16 × 16
PV: 8 × 16 × 16

Stage 5 (Embedding) AdaptiveAvgPool(4 × 4), Flatten,
FC(1024 → 512), FC(512 → 128) Flatten(No pooling), FC(2048 → 128) 128

Note: PP denotes palmprint, and PV denotes palm vein; s denotes the stride of convolution; C denotes the number
of output channels. DW-ResBlock_CA refers to the depthwise residual block with coordinate attention, and FC
denotes the fully connected layer.

2.3.1. Texture Enhancement Branch (TE-Branch)

This branch aims to extract multi-scale texture representations using a deep network.

(1) SE Enhancement Initialization. At the initial stage, a convolutional layer with a stride
of 2 is applied to expand the channel dimension to 16, followed by the integration
of a Squeeze-and-Excitation (SE) module. The SE module adaptively recalibrates
channel-wise responses via global average pooling and a two-layer fully connected
structure with a reduction ratio of 16, thereby suppressing illumination variations and
background noise in shallow features.

(2) Multi-scale Residual Aggregation and Deep Semantic Modeling. The features are
processed by a stacked residual block architecture based on depthwise separable
convolutions, consisting of 3 shallow residual blocks and 5 deep residual blocks, with
the channel dimensions progressively increased to 64. Each residual block integrates a
Coordinate Attention (CoordAtt) module, which captures directional contextual infor-
mation via one-dimensional global pooling along horizontal and vertical axes, thereby
enhancing the representation of principal palmprint ridge structures. Intermediate-
layer features are preserved for subsequent cross-modal interaction.

(3) Spatial Preservation Projection. After further spatial enhancement by CoordAtt, 4 × 4
adaptive pooling is used instead of global average pooling to preserve local spatial
structure. The resulting feature maps are flattened and projected through a fully
connected layer into a 128-dimensional palmprint feature embedding vector.

2.3.2. Structure Perception Branch (SP-Branch)

Due to the relatively sparse vascular structures in palm vein images, excessively deep
or wide network architectures are prone to overfitting. Therefore, this branch adopts a
structure-aware feature extraction strategy.

(1) Narrow-channel initialization and Coordinate Attention stacking. The network is
designed with a compact channel width of 8–16 channels to reduce model com-
plexity. Feature extraction is conducted using a Coordinate Attention (CA) based
module composed of four consecutive residual blocks. By capturing the tubular
topological structure of subcutaneous vessels, this module produces intermediate
vein features of size 16 × 32 × 32, which are subsequently fed into the CPA module
for cross-modal interaction.

(2) Structure-preserving channel compression. As shown in Figure 2, after obtaining
intermediate features, stride convolutions with Coordinate Attention are introduced to
jointly compress spatial and channel dimensions. The number of channels is reduced
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from 16 to 8, and the spatial resolution is reduced to 8 × 16 × 16. This operation
reduces computational redundancy while preserving local connectivity and global
topological structure of veins, thereby enhancing feature compactness and robustness.

(3) Compact feature embedding. After compression, the 8 × 16 × 16 feature tensor is flat-
tened and projected via a fully connected layer into a 128-dimensional vein embedding.
This design avoids global average pooling to preserve vascular structural information.

2.4. Supervised Contrastive Learning

In uncontrolled non-contact multimodal acquisition scenarios, variations in hand pose
(e.g., translation and rotation) and changes in ambient illumination may introduce feature
variations among samples of the same subject in the feature space. Existing multimodal
fusion models commonly rely on classification-based loss functions such as ArcFace for
optimization. However, as illustrated in the left panel of Figure 3a, ArcFace primarily im-
proves recognition performance by increasing inter-class feature margins, while providing
limited constraints on intra-class compactness. Consequently, in complex scenarios, simi-
larity distributions between intra-class and inter-class hard samples may overlap, thereby
narrowing the decision boundary and degrading model robustness under uncontrolled
variations. To further improve the structure of the feature space, we introduce a supervised
contrastive learning strategy. As shown in the right panel of Figure 3b, this mechanism
pulls intra-class samples closer and pushes inter-class samples apart, thereby improving
intra-class compactness and inter-class separability and further enlarging the decision
boundary to some extent.

Figure 3. Illustration of the effect of supervised contrastive learning on feature space distribution.
(a) Baseline model using ArcFace only. (b) Feature distribution after introducing supervised
contrastive learning.

2.4.1. Identity-Label-Based Positive and Negative Sample Construction Strategy

Unlike self-supervised contrastive learning methods such as SimCLR that rely on
image augmentation techniques including random cropping and flipping to construct
positive pairs, this module leverages identity labels in the dataset to establish positive and
negative sample relationships. Specifically, during the training data loading phase, a batch
of samples with a fixed batch size is constructed. For each anchor palmprint and palm vein
image pair, another sample belonging to the same identity but captured under different
acquisition conditions such as pose or illumination variations is randomly selected as a
positive sample, while all samples from different identities within the batch are treated as
negative samples for contrastive learning.
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Through this identity-label-based supervised sampling strategy, the model learns to
minimize the feature distance between samples of the same identity while maximizing the
distance between samples of different identities in the feature space, thereby improving
feature discriminability and robustness.

2.4.2. Feature Space Optimization via InfoNCE Loss

At the network output, the anchor features and their corresponding positive and
negative samples are first L2-normalized. Then, a dot-product similarity matrix is computed
within a batch. Based on identity labels, a positive and negative mask matrix is constructed
to distinguish positive and negative samples while excluding self-similarity.

The supervised InfoNCE loss LSupCon is defined as follows:

LSupCon = ∑
i∈I

−1
|P(i)| ∑

p∈P(i)
log

exp
(
zi · zp/τ

)
∑a∈A(i) exp(zi · za/τ)

(1)

where I denotes the index set of all samples within a batch, P(i) denotes the set of positive
samples corresponding to sample i, and A(i) denotes the set of all samples excluding the
sample itself. zi · zp represents the dot-product similarity between normalized features
(i.e., cosine similarity), and τ is the temperature hyperparameter. In the experiments of
this study, τ is set to 0.1. A lower temperature coefficient encourages the model to focus
more on hard negative samples during training, i.e., negative samples that are close in
the feature space. As shown in the right part of Figure 2, the loss function increases the
similarity between positive pairs while reducing the similarity between negative pairs,
making features of the same identity more compact in the embedding space and pushing
different identities further apart, thereby effectively enlarging the decision boundary in
regions with hard samples.

2.4.3. Hybrid Objective Joint Optimization

To further enhance the discriminative capability among different classes, HDC-Net
retains the classification branch. In this study, the ArcFace loss LArc is adopted as the
classification loss. The formulation is given as follows:

LArc = − 1
B

B

∑
i=1

log
exp

(
s · cos

(
θyi + m

))
exp

(
s · cos

(
θyi + m

))
+ ∑j ̸=yi

exp
(
s · cos θj

) (2)

where the margin parameter m is set to 0.5 to enhance inter-class separability, the feature
scaling factor s is set to 64, and B denotes the batch size. Finally, HDC-Net employs a joint
optimization strategy, and the overall hybrid objective loss function is defined as:

Ltotal = LArc + λLSupCon (3)

where λ denotes the weighting factor of the contrastive loss (set to 0.05 in this paper), which
balances the contributions of the classification loss and the contrastive loss. The loss term
LArc enhances global class discrimination and facilitates the formation of clear decision
boundaries, while LSupCon promotes a more compact feature distribution for samples of
the same class. These two components are complementary in their optimization objectives,
enabling the model to maintain strong discriminative capability while further improving
intra-class compactness and inter-class separability in the feature space, thereby enhancing
robustness in complex contactless scenarios.
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2.5. Cross-Palm Attention (CPA) Intermediate Fusion Module

While the hybrid supervised loss is applied to the heterogeneous dual-stream network,
modality discrepancies between palmprint and palm vein still exist, which may affect the
fusion performance. To address this issue, the CPA module is introduced at the intermediate
layer of the dual-stream network to adaptively refine spatial features. Specifically, the CPA
module processes intermediate features from both streams through coordinated channel
and spatial attention, and performs feature fusion via dynamic weighting. As illustrated in
Figure 4, the CPA module operates on the intermediate features of palmprint and palm vein
separately, and obtains fused features through concatenation and convolution operations,
thereby enhancing cross-modal complementary representation.

Figure 4. Internal structure of the Cross-Palm Attention (CPA) intermediate fusion module.

As illustrated in Figure 4, Fcpa corresponds to the intermediate fused features at
the final output. The CPA module takes the intermediate features from the aforemen-
tioned dual-stream network (see the solid lines in Figure 1) as input and performs the
following operations:

(1) Parallel attention refinement. To facilitate subsequent processing, the bimodal features
are first resized via bilinear interpolation to ensure consistent spatial dimensions.
Subsequently, each modality is fed into parallel Channel Perception and Spatial
Aggregation branches. In the Channel Perception branch, global average pooling
(GAP) is applied to compress spatial information, followed by a 1 × 1 Conv →
PReLU → 1 × 1 Conv structure to generate channel weights, which are activated by a
Sigmoid function to obtain channel attention for feature reweighting. In the Spatial
Aggregation branch, average pooling and max pooling are performed along the
channel dimension, and the resulting features are concatenated and passed through a
3 × 3 convolution to generate spatial attention maps for feature refinement.

(2) Internal Dynamic Weight Regulation. To balance the contributions of the channel
branch and the spatial branch to the feature representation, learnable scalar parameters
are introduced. As illustrated in Figure 4, for palm vein and palmprint features, the
computation process is defined as follows:

F′
v = α · Mch

v

(
Fmid

v

)
+ (1 − α) · Msp

v

(
Fmid

v

)
(4)
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F′
p = β · Mch

p

(
Fmid

p

)
+ (1 − β) · Msp

p

(
Fmid

p

)
(5)

where F′
v and F′

p denote feature tensors, Fmid
v and Fmid

p represent the intermediate
features extracted from the aforementioned dual-stream network, α and β are learnable
scalar parameters, and Mch(·) and Msp(·) correspond to the outputs of the channel
branch and the spatial branch, respectively. The introduction of dynamic weighting
enables the network to adaptively adjust the contributions of the channel and spatial
branches according to variations in the input features.

(3) Feature Concatenation and Global Skip Reconstruction. The processed feature tensors
are concatenated along the channel dimension. Subsequently, a 1 × 1 convolution
(followed by a BN layer and PReLU activation) is applied for channel mixing and
dimensionality reduction, yielding the intermediate fusion feature.

To interface with the downstream metric learning module, the intermediate fusion fea-
ture is further mapped to a 128-dimensional intermediate-level fusion feature via adaptive
pooling and a fully connected layer. Two learnable parameters (activated by a Sigmoid
function) are then used to perform weighted fusion between the intermediate-level fusion
feature and the deep features (as shown by the dashed line in Figure 1) from the dual-stream
branches. The averaging operation is adopted to maintain balanced contributions from
both modalities without introducing additional parameters, thereby improving the stability
of the fusion process. The computation process is defined as follows:

E f used = σ(ω1) · Ecpa + σ(ω2) ·
Evein + Eprint

2
(6)

where E f used denotes the fusion feature, Ecpa represents the intermediate-level fusion feature
obtained by linear mapping of the intermediate fusion feature Fcpa, and Evein and Eprint are
the 128-dimensional deep features described in Section 2.3, which are introduced via global
skip connections to preserve the original information. σ(ω1) and σ(ω2) are used to balance
the contribution ratios between the intermediate-level fusion feature and the deep features.
The final fusion feature is fed into the hybrid supervision module for joint optimization.

2.6. Experimental Settings and Evaluation Metrics

All models are implemented using PyTorch 1.12.0 and trained on an NVIDIA GeForce
RTX 3080 GPU (NVIDIA Corporation, Santa Clara, CA, USA). To evaluate the generalization
capability on unseen identities, all datasets are split into mutually exclusive training and
testing sets with a 4:1 ratio at the class level, following an open-set protocol. During
training, the AdamW optimizer is adopted with 300 epochs. The initial learning rate is
set to 5 × 10−4 and adjusted according to specific experiments, while the batch size is
set to 8 and may also be tuned depending on experimental settings. Data augmentation
strategies including random translation, scaling, and rotation are applied to improve model
robustness. ArcFace loss is used as the supervised objective with fixed parameters (m = 0.50,
s = 64). In HDC-Net, supervised contrastive loss is further introduced (τ = 0.1, λ = 0.05)
to construct a joint optimization objective. For fair comparison, all competing methods
adopt the same loss configuration, while in ablation studies, each component is gradually
introduced to evaluate its individual contribution. The hyperparameter settings used for
training HDC-Net are summarized in Table 3.

To comprehensively evaluate the performance of HDC-Net in contactless multimodal
biometric recognition, multiple metrics are adopted following the international standard
ISO/IEC 19795-1:2021 [35].

https://doi.org/10.3390/sym18071155

https://doi.org/10.3390/sym18071155


Symmetry 2026, 18, 1155 11 of 21

Table 3. Hyperparameter settings used for training HDC-Net.

Hyperparameter Value

Optimizer AdamW
Initial Learning Rate 5 × 10−4

Weight Decay 5 × 10−4

Batch Size 8
Training Epochs 300

ArcFace Margin (m) 0.50
ArcFace Scale (s) 64

SupCon Temperature (τ) 0.10
Loss Weight (λ) 0.05

(1) False Accept Rate (FAR) and False Reject Rate (FRR). FAR represents the probability
that samples from different individuals are incorrectly accepted as a match, while
FRR represents the probability that samples from the same identity are incorrectly
rejected as non-matching pairs. The formulations are defined as follows:

FAR(T) = P
(
Simp > T

)
(7)

FRR(T) = P
(
Sgen ≤ T

)
(8)

where the intra-class score is denoted by Sgen, the inter-class score is denoted by Simp,
and the decision threshold is denoted by T.

(2) Equal Error Rate (EER). EER is defined as the error rate at the threshold T∗ where
FAR equals FRR.

(3) Strict Operating Point Performance. The performance is evaluated in terms of FRR at
FAR = 10−4, which measures the model’s behavior under high-security requirements.

(4) Detection Error Trade-off (DET) Curve. The DET curve is plotted on a logarithmic
scale to illustrate the relationship between FAR and FRR, emphasizing performance
differences in the low-error region.

(5) Model Complexity Metrics. Model complexity is evaluated from three perspectives:
parameter scale, storage cost, and computational complexity, quantified by the number
of parameters, model size, and floating-point operations (FLOPs), respectively.

3. Results
3.1. Overall Recognition Performance of HDC-Net

To evaluate the overall performance of the proposed contactless multimodal fusion
recognition model and analyze the improvements brought by multimodal fusion, this
section conducts a comprehensive evaluation on the palm vein single-modal branch, the
palmprint single-modal branch, and the multimodal fusion network. The evaluation met-
rics include Equal Error Rate (EER), False Reject Rate (FRR) under low False Accept Rate
conditions (FRR@FAR = 10−4), and Detection Error Trade-off (DET) curves. As shown in
Table 4, the proposed single-modal feature extraction networks already demonstrate strong
discriminative capability. On the Tongji dataset, the TE-Branch and SP-Branch achieve
EERs of 0.16% and 0.27%, respectively. Under strict security conditions (FAR = 10−4), the
FRRs are 1.44% and 1.07%, indicating that the single-modal models maintain a certain
level of robustness in complex scenarios, while leaving room for improvement. Building
upon this, the proposed HDC-Net, which integrates heterogeneous dual-stream feature
extraction, CPA, and supervised contrastive learning, achieves improved performance
across all evaluation metrics. On the Tongji, CASIA-MS, and SCAU-PM datasets, the
EERs are 0.05%, 0.21%, and 0.02%, respectively. Under the condition of FAR = 10−4, the
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corresponding FRR values are also reduced; for example, on the Tongji dataset, the FRR
is 0.52%.

Table 4. Performance evaluation of single-modal branches and multimodal fusion model (%).

Method
Tongji CASIA-MS SCAU-PM

EER FRR@FAR = 10−4 EER FRR@FAR = 10−4 EER FRR@FAR = 10−4

SP-Branch Only 0.27 1.07 0.99 8.82 0.14 0.82
TE-Branch Only 0.16 1.44 0.76 19.00 0.18 1.88

HDC-Net 0.05 0.52 0.21 5.88 0.02 0.57

The DET curve results shown in Figure 5 demonstrate that HDC-Net consistently
outperforms the single-modal models across different threshold ranges. The proposed
method maintains stable performance in the low-error region, indicating strong feature
discriminability and robustness. In summary, the proposed model achieves performance
improvements over single-modal baselines and exhibits high recognition accuracy and
stability in contactless biometric recognition tasks.

Figure 5. DET curve comparison of HDC-Net on the Tongji dataset.

To further evaluate the stability of HDC-Net under different data partitions, a 5-fold
cross-validation experiment was conducted on the Tongji dataset. Specifically, all identity
classes were randomly and evenly divided into five mutually exclusive subsets. For each
fold, four subsets were used for training, and the remaining subset was used for testing.
All experiments were conducted using the same training configurations and evaluation
protocol as those used in the experiments described above. The results are summarized in
Table 5. The EER and FRR@FAR = 10−4 values obtained from the five-fold cross-validation
remain relatively stable, and the corresponding mean and standard deviation reflect the
performance variation under different identity partitions. These results provide further
support for the stability of HDC-Net under the adopted open-set evaluation protocol.
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Table 5. Results of the 5-fold cross-validation of HDC-Net on the Tongji dataset (%).

Fold ID EER FRR@FAR = 10−4

Fold 1 0.04 0.38
Fold 2 0.06 0.50
Fold 3 0.05 0.27
Fold 4 0.05 0.42
Fold 5 0.06 0.48

Mean ± Std 0.052 ± 0.008 0.410 ± 0.092

3.2. Ablation Study

To analyze the independent contributions of each key component in HDC-Net, ablation
experiments are conducted on the Tongji dataset. The baseline model (Baseline, No.1)
adopts a homogeneous dual-stream structure with simple feature-level concatenation,
where both branches employ the same texture feature extraction architecture. On this basis,
the heterogeneous dual-stream backbone, the CPA module, and the supervised contrastive
learning (SupCon) strategy are introduced sequentially. According to the results in Table 6:

Table 6. Ablation study of the proposed components on the Tongji dataset (%).

No. Heterogeneous Backbone CPA SupCon EER FRR@FAR = 10−4

1 - - - 0.23 2.20
2 ✓ - - 0.14 0.84
3 ✓ ✓ - 0.11 2.14
4 ✓ ✓ ✓ 0.05 0.52

Note: “✓” indicates that the corresponding module is used, while “-” indicates that it is not used.

(1) After introducing the heterogeneous dual-stream backbone (No.2), the EER decreases
from 0.23% to 0.14%, and the FRR decreases from 2.20% to 0.84% (FAR = 10−4),
indicating that the heterogeneous feature extraction strategy effectively improves
feature representation capability.

(2) After introducing the CPA module (No.3), the EER is further reduced to 0.11%, demon-
strating that cross-modal feature interaction enhances feature complementarity. It
is worth noting that, although the introduction of CPA reduces the EER from 0.14%
to 0.11%, the FRR@FAR = 10−4 increases from 0.84% to 2.14% on the Tongji dataset.
This suggests that the improvement in overall discrimination performance does not
necessarily translate into better performance under extremely strict operating points.
A possible explanation is that CPA mainly enhances the discriminative capability
of fused representations, while a small number of genuine pairs may still remain
close to the decision boundary when only the classification objective is employed.
Consequently, these samples are more likely to be rejected under FAR = 10−4.

(3) With the addition of supervised contrastive learning (SupCon) (No.4, i.e., the com-
plete HDC-Net), the EER is further reduced to 0.05%, and the FRR reaches 0.52% at
FAR = 10−4, indicating that supervised contrastive learning enhances intra-class
compactness and improves inter-class separability.

In summary, the proposed modules exhibit effective synergistic effects, jointly con-
tributing to the overall performance improvement of the model.

The cosine similarity of features on the test set is analyzed from both macroscopic
distribution and microscopic dynamic perspectives, as shown in Figure 6. Figure 6a,b
presents the similarity distributions of all samples before and after introducing supervised
contrastive learning, respectively. As shown in Figure 6a, although the classification loss
alone achieves preliminary inter-class separation and intra-class compactness, the Genuine
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distribution exhibits a left tail, and the Imposter distribution shows a right tail, indicating
that the feature distribution remains insufficiently compact. It is worth noting that the
left tail of the Genuine distribution in Figure 6a indicates that a small number of genuine
pairs still remain close to the decision boundary when only the classification objective is
employed. Under the strict operating point of FAR = 10−4, these samples are more likely to
be rejected, which provides a possible explanation for the increased FRR observed after
introducing the CPA module without supervised contrastive learning. After introducing
supervised contrastive learning (Figure 6b), the Genuine distribution shifts toward 1.0,
while the Imposter distribution shifts toward 0.0, demonstrating enhanced intra-class
compactness and improved inter-class separability.

Figure 6. Visualization of the effect of supervised contrastive learning on feature space distribution.
(a) Cosine similarity distribution before introducing SupCon. (b) Cosine similarity distribution
after introducing SupCon. (c) Dynamic evolution of hard genuine and imposter sample similarities,
where the arrows indicate that the genuine samples are pulled upward and the imposter samples
are pushed downward.

Considering that misrecognition is mainly dominated by a small number of hard sam-
ples, 30 pairs of extremely hard genuine samples and 30 pairs of extremely hard imposter
samples are further selected for dynamic analysis, as shown in Figure 6c. Under the w/o
SupCon condition, some imposter samples exhibit higher similarity than genuine samples,
indicating an overlap in the decision boundary. After introducing SupCon, the blue genuine
samples are overall pulled upward, while the red imposter samples are pushed downward,
forming an “X-shaped” evolution trend. These results demonstrate that SupCon effectively
optimizes the distribution of hard samples and enlarges the discriminative margin, thereby
improving model robustness.

To further quantitatively analyze the feature space variations shown in Figure 6, we
compute the intra-class similarity, inter-class similarity, and embedding-space separation
on the full test set. As shown in Table 7, after introducing supervised contrastive learning,
the inter-class similarity decreases from 0.0475 to 0.0294, while the intra-class similarity
changes from 0.8655 to 0.8679. Accordingly, the embedding-space separation increases from
0.8180 to 0.8385. These trends are consistent with the visual results shown in Figure 6a,b.

To further assess the influence of the supervised contrastive learning (SupCon) mod-
ule on model performance from a statistical perspective, a Wilcoxon signed-rank test was
conducted on the paired cosine similarity scores generated by the models before and after
introducing SupCon on the test sets. The results are summarized in Table 8. On the Tongji,
CASIA-MS, and SCAU-PM datasets, the obtained p-values were p < 0.001, p = 0.0044, and
p < 0.001, respectively. These results reflect changes in the similarity score distributions
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before and after introducing SupCon and provide a statistical basis for the associated
performance differences.

Table 7. Quantitative comparison of feature space embedding with and without supervised con-
trastive learning.

Model Intra-Class Similarity Inter-Class Similarity Embedding-Space Separation

Without SupCon 0.8655 0.0475 0.8180
With SupCon 0.8679 0.0294 0.8385

Note: Embedding-space separation is computed as intra-class similarity minus inter-class similarity.

Table 8. Wilcoxon signed-rank test results before and after introducing the SupCon module.

Dataset Without SupCon EER (%) With SupCon EER (%) p-Value

Tongji 0.11 0.05 <0.001
CASIA-MS 0.38 0.21 0.0044
SCAU-PM 0.09 0.02 <0.001

3.3. Comparison with Existing Methods

To evaluate the effectiveness of each core component and the overall architecture of
HDC-Net, comparative experiments are conducted on the Tongji, CASIA-MS, and SCAU-PM
datasets. The analysis focuses on three aspects: heterogeneous dual-stream feature extraction,
cross-modal fusion strategies, and overall performance with computational complexity.

3.3.1. Effectiveness Analysis of Homogeneous Networks and Heterogeneous
Dual-Stream Networks

To evaluate the impact of feature extraction structures on multimodal fusion recogni-
tion performance, ResNet18, ShuffleNet, and MobileNet series are selected as homoge-
neous baselines for comparison. To ensure fairness, all multimodal models adopt channel
concatenation for fusion and do not incorporate the contrastive learning loss. The results
are shown in Table 9. In the single-modal evaluation, both the TE-Branch and SP-Branch
demonstrate good recognition capability, validating the effectiveness of modality-specific
feature extraction structures. In the multimodal evaluation, the fusion models generally
outperform the single-modal models; however, homogeneous architectures (e.g., Dual-
ResNet18 and Dual-MobileNetV3) show limited performance improvement, with EERs of
1.56% and 5.37%, and FRR@FAR = 10−4 of 15.14% and 55.68%, respectively. In contrast,
the heterogeneous dual-stream network (TE-Branch + SP-Branch) achieves an EER of
0.14% and an FRR@FAR = 10−4 of 0.84%, indicating that modality-differentiated feature
extraction is beneficial for improving feature discriminability.

Table 9. Performance results (%) of homogeneous networks and heterogeneous dual-stream networks
under single-modal and multimodal settings.

Modality Method
Tongji CASIA-MS SCAU-PM

EER FRR@FAR = 10−4 EER FRR@FAR = 10−4 EER FRR@FAR = 10−4

Palm Vein

ResNet18 3.12 32.62 3.96 54.07 0.83 10.87
ShuffleNet 2.79 28.09 3.59 53.17 0.92 20.69

MobileNetV1 3.67 40.76 3.81 63.12 1.59 19.95
MobileNetV2 5.95 62.01 4.63 79.64 1.47 10.47
MobileNetV3 6.26 56.07 7.47 81.67 2.80 57.24

SP-Branch Only 0.27 1.07 0.99 8.82 0.14 0.82
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Table 9. Cont.

Modality Method
Tongji CASIA-MS SCAU-PM

EER FRR@FAR = 10−4 EER FRR@FAR = 10−4 EER FRR@FAR = 10−4

Palmprint

ResNet18 2.14 17.13 2.11 38.01 0.40 6.38
ShuffleNet 2.32 27.15 4.44 71.95 0.58 10.96

MobileNetV1 2.17 26.72 4.93 68.33 0.72 12.84
MobileNetV2 2.83 44.26 3.74 68.10 0.69 26.17
MobileNetV3 4.83 59.44 5.34 86.88 1.06 35.90

TE-Branch Only 0.16 1.44 0.76 19.00 0.18 1.88

Multi-modal

Dual-ResNet18 1.56 15.14 1.01 19.91 0.17 0.64
Dual-ShuffleNet 2.69 32.45 2.39 55.66 0.23 2.13

Dual-MobileNetV1 3.27 40.76 4.32 66.75 0.48 8.67
Dual-MobileNetV2 4.23 58.09 6.40 68.78 0.79 23.63
Dual-MobileNetV3 5.37 55.68 4.67 68.33 1.02 11.20

TE-Branch + SP-Branch 0.14 0.84 0.72 13.35 0.12 0.57

To further analyze the differences between homogeneous and heterogeneous architec-
tures in the feature space, 128-dimensional fused features of different models are extracted
on the Tongji test set, and Gram matrices are constructed based on cosine similarity for
visualization, as shown in Figure 7. Samples indexed from 1 to 6 correspond to the same
category across all sub-figures. Ideally, the feature space should exhibit high intra-class
similarity and low inter-class similarity. As shown in Figure 7a,b, the homogeneous
models still exhibit relatively high inter-class similarity, indicating feature overlap be-
tween different categories. For Dual-ResNet18 and Dual-MobileNetV3, the intra-class and
inter-class similarities are approximately 0.99 and 0.94, respectively, with a small margin
between them. In contrast, Figure 7c shows that the proposed heterogeneous dual-stream
network achieves lower inter-class similarity (approximately 0.08) while maintaining
higher intra-class consistency (approximately 0.88), resulting in a more discriminative
feature distribution. According to the similarity gap between intra-class and inter-class
regions, the heterogeneous model achieves a value of approximately 0.80, whereas the
homogeneous models achieve only about 0.05, demonstrating the feature discriminability
of the proposed method.

Figure 7. Visualization of cosine similarity-based Gram matrices of fused features on the Tongji
dataset under different models. (a) Dual-ResNet18. (b) Dual-MobileNetV3. (c) The proposed
heterogeneous dual-stream network (TE-Branch + SP-Branch).

To further quantitatively analyze the similarity distributions of homogeneous and
heterogeneous architectures in the feature space, we computed the intra-class similarity,
inter-class similarity, and their corresponding embedding-space separation for each model
based on the results presented in Figure 7, as shown in Table 10.
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Table 10. Quantitative analysis of cosine similarity distributions in Figure 7.

Model Intra-Class Similarity Inter-Class Similarity Embedding-Space Separation

Dual-ResNet18 0.991 0.944 0.047
Dual-MobileNetV3 0.990 0.941 0.049

TE-Branch + SP-Branch 0.876 0.080 0.796

3.3.2. Comparison of Cross-Modal Fusion Strategies

Under a fixed heterogeneous backbone setting, to analyze the impact of different
fusion strategies on recognition performance, comparative experiments are conducted
while keeping other training settings consistent. The proposed CPA module is compared
with Data-Fusion, Feature-Fusion, and Score-Fusion methods.

Specifically, Data-Fusion performs channel-wise stacking at the input level, Score-
Fusion aggregates single-modality scores based on the Min-Rule, and Feature-Fusion
achieves feature interaction through channel concatenation.

As shown in Table 11, the CPA module maintains low EER across the three datasets.
Furthermore, when combined with supervised contrastive learning, HDC-Net exhibits
good recognition performance across all evaluation metrics.

Table 11. Performance comparison of different cross-modal fusion strategies under a heterogeneous
backbone setting (%).

Fusion Strategy
Tongji CASIA-MS SCAU-PM

EER FRR@FAR =
10−4 EER FRR@FAR =

10−4 EER FRR@FAR =
10−4

Data-Fusion 0.12 0.84 0.46 8.82 0.14 1.55
Score-Fusion 0.14 0.90 0.42 6.56 0.12 0.49

Feature-Fusion 0.14 0.84 0.72 13.35 0.12 0.57
CPA 0.11 2.14 0.38 9.28 0.09 0.57

HDC-Net 0.05 0.52 0.21 5.88 0.02 0.57

3.3.3. Performance Comparison and Computational Complexity Analysis

To evaluate the performance of HDC-Net, three palmprint and palm vein fusion
methods from the past three years are selected for comparison, including MIES-Net [16],
DH-Fuzzy [19], and CohashNet [20].

Considering the differences in experimental settings and implementation details
across different studies, all comparison methods are re-implemented and evaluated under
a unified protocol in this work. It should be noted that the original studies adopted
different evaluation settings and dataset partition strategies, and discrepancies may there-
fore exist between the originally reported results and the re-implemented results. The
re-implemented results are primarily used for relative performance comparison under the
same evaluation protocol.

As shown in Table 12, HDC-Net achieves consistent recognition performance across
all three datasets. On the Tongji, CASIA-MS, and SCAU-PM datasets, the proposed method
achieves EERs of 0.05%, 0.21%, and 0.02%, respectively. Meanwhile, HDC-Net maintains
stable performance under the condition of FAR = 10−4.

As shown in Figure 8, the DET curves of HDC-Net across different datasets are lower
than or comparable to those of the compared methods, indicating its good discriminative
ability under various threshold conditions. On the SCAU-PM dataset, the curve shows
some fluctuations in the low-error region. However, HDC-Net still achieves the lowest
EER, demonstrating the effectiveness of the proposed method.
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Table 12. Performance comparison between HDC-Net and comparison methods (%).

Method
Tongji CASIA-MS SCAU-PM

EER FRR@FAR =
10−4 EER FRR@FAR =

10−4 EER FRR@FAR =
10−4

MIES-Net [16] 0.86 5.39 0.34 16.06 0.09 0.89
DH-Fuzzy [19] 0.76 5.72 0.66 10.41 1.13 17.17
CohashNet [20] 0.11 1.30 1.18 15.61 0.08 0.57

HDC-Net 0.05 0.52 0.21 5.88 0.02 0.57

Figure 8. Comparison of DET curves between HDC-Net and the compared methods. (a) DET Curve
for Tongji. (b) DET Curve for CASIA-MS. (c) DET Curve for SCAU-PM.

In contactless biometric applications, computational complexity is as important as
recognition accuracy. In this study, the computational complexity of different models is
evaluated under a unified setting following the ISO/IEC 19795-1:2021 standard, with a
fixed input size of 128 × 128 single-channel images.

As shown in Table 13, HDC-Net contains 0.98 M parameters, a model size of 3.74 MB,
and 0.1052 G FLOPs. In comparison, the baseline methods Dual-ResNet18, MIES-Net,
DH-Fuzzy, and CohashNet exhibit higher computational complexity. Although Dual-
MobileNetV3 achieves lower FLOPs (0.0395 G), its cross-modal recognition capability is
limited. Furthermore, SP-Branch Only (0.0039 G) and TE-Branch Only (0.0490 G) demon-
strate that the heterogeneous dual-stream backbone retains effective feature representation
capability under low computational complexity. Overall, HDC-Net achieves a good balance
between recognition performance and computational efficiency.

Table 13. Comparison of Computational Complexity of Different Models.

Method Params (M) Model Size (MB) FLOPs (G)

Dual-ResNet18 22.50 85.92 1.1397
Dual-MobileNetV3 3.33 12.80 0.0395

MIES-Net 56.47 215.51 2.9157
DH-Fuzzy 15.02 57.96 1.8924
CohashNet 9.39 45.93 0.2725

SP-Branch Only 0.27 1.02 0.0039
TE-Branch Only 0.67 2.59 0.0490

HDC-Net 0.98 3.74 0.1052

4. Discussion
This study conducts fusion recognition experiments based on HDC-Net, which are

built upon two hypotheses: first, modality-specific feature extraction contributes to improv-
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ing feature representation capability; second, introducing supervised contrastive learning
can optimize the structure of the feature space. The experimental results (as shown in
Tables 3 and 5) are consistent with these hypotheses.

Existing multimodal fusion methods typically adopt symmetric backbone networks for
feature extraction, where modality-specific characteristics may not be sufficiently exploited.
Previous studies have demonstrated that modality-specific feature extraction can improve
feature representation capability [22]. Most existing methods rely on optimization objectives
such as ArcFace [23] or Softmax loss, whereas supervised contrastive learning further
enhances the structural optimization of the feature space.

From the perspective of feature representation, the heterogeneous dual-stream network
effectively improves modality-specific representation capability (as shown in Table 5).
From the perspective of feature space distribution, after introducing supervised contrastive
learning, intra-class samples become more compact and inter-class samples become more
separable. As shown in Figure 6, the distributions of genuine and impostor samples exhibit
clearer and more stable separation in the feature space; meanwhile, the similarity of hard
genuine pairs increases while that of hard imposter pairs decreases, resulting in an enlarged
discriminative margin. These observations are consistent with the reduction in EER and
the stable performance under low FAR settings. Furthermore, the CPA module further
enables cross-modal feature interaction and fusion through channel and spatial attention
mechanisms. It should be further noted that an interesting phenomenon is observed on
the Tongji dataset after introducing the CPA module. Although the EER is reduced, the
FRR@FAR = 10−4 increases to some extent. This phenomenon is mainly observed on the
Tongji dataset and is not consistently reflected on the CASIA-MS and SCAU-PM datasets.
A possible explanation is that CPA enhances cross-modal feature interaction and improves
the discriminative capability of the fused representation. However, without additional
feature-space constraints, certain genuine pairs may still exhibit relatively large intra-class
variations. Under the strict operating point of FAR = 10−4, these samples are more likely to
be rejected. After introducing supervised contrastive learning, feature space separation is
further improved, thereby alleviating this phenomenon.

In contactless biometric recognition, system robustness and computational complexity
are both important considerations. While improving recognition performance, HDC-
Net maintains relatively low computational complexity (0.1052 GFLOPs) and model size
(3.74 MB), achieving a good balance between performance and computational efficiency.
Nevertheless, the model still has certain limitations, including sensitivity to batch size,
limited stability under varying conditions due to a fixed input resolution, and the need
for further validation in cross-device and cross-domain scenarios. In future work, model
compression techniques can be explored to further reduce computational complexity,
and cross-domain generalization methods can be introduced to improve the model’s
adaptability under different data distributions.

5. Conclusions
We propose a contactless palmprint and palm vein fusion recognition model, HDC-

Net, based on a heterogeneous dual-stream network and supervised contrastive learning.
The proposed method improves cross-modal feature representation and discriminative
ability by constructing a heterogeneous dual-stream feature extraction architecture and
introducing supervised contrastive learning. In addition, the CPA module is incorporated
to enhance fusion performance. Experimental results demonstrate that the proposed
method achieves stable and good performance across multiple datasets, validating its
effectiveness and robustness and further indicating its applicability and potential for
contactless multimodal biometric fusion recognition.
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