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Abstract—Vein Recognition represents a new generation of
biometrics, offering high security and convenience. However,
existing convolutional neural networks (CNNs) for palm vein
recognition are often constrained by the limited effective receptive
field (ERF) and insufficient training data, which restrict their
ability to model global vascular dependencies and structural
patterns. To address these challenges, we propose StarLLKNet,
a large-kernel convolutional architecture tailored for palm
vein recognition, jointly with a structure-aware augmentation
strategy termed StarMixup. StarLKNet integrates large and
small-kernel convolutions with a channel gating mechanism to
enable adaptive multi-granularity feature fusion. Furthermore,
StarMixup introduces Gaussian-based smooth masks that preserve
the sparse and continuous topology of vein patterns during
sample mixing, thereby expanding the training distribution while
maintaining vascular structural integrity. Extensive experiments
are conducted on four public palm vein datasets, evaluating
comprehensive metrics including recognition accuracy, equal error
rate (EER), and TPR@FPR. Comparisons against a wide range
of baselines, including small-kernel CNNs, vision transformers,
and some vein-specialized models, demonstrate that StarLKNet
consistently achieves state-of-the-art accuracy and the lowest EER,
while StarMixup provides competitive augmentation gains.

Index Terms—Data Augmentation, Palm Vein Recognition,
Biometrics, Computer Vision.

I. INTRODUCTION

ITH the growing emphasis on personal information
Wsecurity in modern society, extensive studies have
been carried out on biometric technologies recently, which
authenticate individuals via unique physiological features (e.g.,
face [1]], fingerprint [2], vein [3]]) or behavioral patterns (e.g.,
gait [4], eye movement [5]]). However, these external features,
such as the most widely used fingerprints and facial features,
are increasingly susceptible to sophisticated forgery attacks [6].
Conversely, vein recognition is a superior alternative, leveraging
internal vascular structures that are impervious to external
factors (e.g., skin moisture and wear) and inherently enable
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Fig. 1. Left: Model performance comparison across VERA220, TJU600,

SCUT834 under baseline and augmentations (MixUp, CutMix, StarMixupP™e!;
Right: Training accuracy curves of models on VERA220 over 600 epochs
without augmentation, StarLKNet-base/small outperforms others.

liveness detection by the exclusive presence of deoxygenated
hemoglobin in living circulatory systems.

In vein recognition, traditional approaches primarily rely on
handcrafted feature extraction, coupled with shallow machine
learning classifiers [7]], [8]]. These methods presuppose that
vein patterns manifest as valley or line-like shapes, thereby
overlooking diversity, higher-dimensional information inherent
in vascular structures. In contrast, deep learning paradigms
enable end-to-end feature extraction without prior assumptions,
but they require large datasets to optimize network parameters.
However, stringent privacy regulations, ethical concerns, and
storage limitations severely restrict the availability of sufficient
samples in data collection. Such data scarcity intensifies
overfitting, making high-performance and robust models hard
to achieve, while also obstructing the deployment of vein
recognition in real-world, security-critical applications.

To mitigate the limitations arising from limited training data,
researchers have proposed various Data Augmentation (DA)
methods to generate new samples and expand the training set.
Among these, mixup-based techniques [9]—[11] have gained
popularity due to their simplicity and effectiveness across
diverse tasks. However, vein images are inherently continuous
and sparse, so their features differ fundamentally from those
of general natural images. Therefore, applying generic mixup
methods to veins may lead to suboptimal performance. For
instance, CutMix [[10]] replaces pixel-wise mixing with patch-
wise mixing. Its random patch selection and pasting can disrupt
the continuity of vein patterns. This disruption leads to feature
dropout, thereby hindering the ability of the encoder to learn
robust representations, as illustrated in Fig. [3] This continuous
and sparse distribution also poses a broader architectural
challenge for vein recognition. Models built with small-kernel
convolutions, which have a limited Effective Receptive Field
(ERF), struggle to capture the continuous, sparse dependencies
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Fig. 2. ERF visualization comparison across 11 models. A more widely distributed dark area indicates a larger ERF. The raw input image is shown on the
left, with corresponding ERF heatmaps (scaled 0-1) for each model. StarLKNet-small and StarLKNet-large demonstrate significantly broader ERF coverage
compared to baseline models (e.g., VGG16, ResNetl8) and other custom architectures.
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Fig. 3. Visualization of CutMix for the vein feature distribution. The cutting
patch is noted with the blue bounding box. We applied mean adaptive
thresholding to binarize the image, then used CutMix to verify that the vein
features were corrupted.

inherent to vein features, thereby limiting their [12]-[I4]]
performance. Recent studies [13], have indicated that
Convolutional Neural Networks (CNNs) with a larger ERF can
rival the performance of Vision Transformers (ViTs) [17]-[19].
In line with this, we find that CNNs with large kernels are
significantly more adept at capturing vein feature distributions.
As demonstrated in Fig. [T} the large kernel exhibits faster fitting
speeds and higher recognition than the small-kernel framework
represented by ResNet18 [20].

In this work, we build upon our prior research [21]]. First,
we propose StarMixup, a tailored mixup strategy that generates
smooth masks by a Gaussian function, better preserving the
texture features of the palm vein. Our strategy adaptively and
dynamically selects between StarMixup and vanilla MixUp [9]
based on a threshold, thereby synergistically combining their
benefits. Central to our framework is StarLKNet, a novel
architecture that integrates multi-granularity feature extraction
via a dual-kernel design, in which large kernels capture long-
range spatial dependencies essential for modeling the sparse,
continuous topology of venous networks, while small kernels
preserve fine-grained local details. To further refine feature
representations, we equip it with a ChannelGating Neck that
decouples features into global and gating streams, enabling
adaptive recalibration of salient information. Crucially, the
structure of StarLKNet substantially expands the ERF, as
visualized in Fig. 2]

Experimental results show that the StarLKNet-based model,
compared with existing small-kernel CNNs, ViTs, and
vein-specific models, achieved significant improvements in

recognition accuracy and Equal Error Rate (EER), with notable
gains at low False Positive Rates (FPR) on four public palm vein
datasets (TJU600, SCUT834, VERA220, and CASIA200). The
proposed StarMixup augmentations further boost performance
beyond existing mixup methods. Ablation studies confirm the
synergistic effect of dilated convolutions and gating. These
results demonstrate the strong potential of StarLKNet and
StarMixup for high-security palm vein recognition.
In summary, our main contributions are as follows:

e We rethink the role of convolution kernel size in palm
vein recognition and reveal that enlarging the ERF is
critical for capturing the vein features, yielding substantial
performance gains.

o We propose StarLKNet, a large kernel-based architecture
that integrates multi-scale convolutions with a channel
gating mechanism for adaptive multi-granularity feature
extraction, achieving new state-of-the-art results.

o We introduce StarMixup, a structure-aware DA strategy
that generates Gaussian-based masks to preserve the topo-
logical integrity of vein patterns during mixing, thereby
mitigating overfitting and improving generalization.

o We provide the most comprehensive empirical study to
date in palm vein recognition, evaluating four public
datasets with multiple metrics and extensive baselines
ranging from CNN- and ViT-based to vein-specialized
models, establishing a solid benchmark for future research.

II. RELATED WORK
A. Palm Vein Recognition

Due to the property of hemoglobin absorbing near-infrared
light, infrared cameras are capable of capturing clear vein
images [[14]. However, the unique and intricate vein distribution
patterns present significant challenges for effective feature
extraction. To address these issues, research has generally
followed two paradigms: 1) Shallow machine learning-based
approaches [[7]], [8]], [22], [23]l, which are increasingly being
phased out due to their heavy reliance on hand-crafted fea-
tures and insufficient robustness against complex backgrounds
or alignment variations; 2) CNN-based approaches, which
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Fig. 4. Overall pipeline of our proposed StarMixup augmentation strategy and

StarLKNet backbone. Top section: The overall training pipeline, where input

samples x are augmented by either StarMixupP™®! or StarMixupP®™ to generate &, which is then fed into StarLKNet for training. Bottom section: The detailed
architecture of StarLKNet, which consists of a Stem, four stages (with repeated LaKBlock and ChannelGating Neck modules), and a final FC layer.

automate deep feature extraction by exploiting powerful non-
linear representation capabilities to achieve more accurate and
discriminative identification. In the evolution of CNNs, Yang et
al. [[13]] proposed FVRAS-Net, integrating recognition and anti-
spoofing via multi-task learning. To address data scarcity, Qin et
al. [14]] introduced PVCNN, utilizing GAN-based augmentation
to overcome single-sample (SSPP) bottlenecks. Shen et al. [24]
developed the lightweight LWCNN to optimize real-time
matching efficiency. For unconstrained environments, Luo et
al. [25]] presented AMPVNet, ensuring high robustness against
pose and grayscale variations. Most recently, Luo et al. [26]
proposed RSNet, employing a dual-branch structure to deepen
the discriminative extraction of region-specific physiological
features; Qin et al. [27] further proposed WTxGRN, which
employs wavelet transforms and an extended gated recurrent
architecture (xXGRU) for parallel extraction of global and
local features, while introducing a spiking version (Spiking
WTxGRN) to significantly enhance energy efficiency for real-
time recognition on edge devices.

B. Mixup Augmentations

The inception of mixing-based DA methods began with
MixUp [9], which generates augmented samples by performing
linear interpolation between two or more images and their cor-
responding labels using a mixing ratio. This simple yet effective
strategy encourages smoother decision boundaries and has been
shown to improve generalization across various tasks, including
super-resolution [28[], segmentation [29]], regression [30], and
long-tail distribution learning [31f]. CutMix [10] extends MixUp
from the pixel level to the spatial level by randomly generating a

mask of the same size to combine image patches. Subsequently,
various approaches have been proposed to enhance strategies
for mixing samples or labels [32]]-[35]]. Compared to manually
designed methods, SaliencyMix [11] leverages an additional
feature extractor to obtain saliency information, enabling more
guided and meaningful sample combination. With a similar
objective, PuzzleMix [36] and Co-Mix [37] leverage gradient
information during backpropagation to identify salient feature
regions and apply an optimal transport strategy to prevent
overlap of informative features in the mixed samples, ensuring
effective feature maximization. AutoMix [38]], on the other
hand, employs an end-to-end framework that introduces a
dedicated mix block that jointly optimizes the mixing generator
and the model, thereby achieving a favorable balance between
computational efficiency and performance. More recently,
AdAutoMix [39], built upon AutoMix, has been proposed
to augment the generated samples by mixing any set of
N samples (not just two) and to use adversarial training
to prevent generator overfitting by creating difficult samples
that have a greater impact on training performance. With the
powerful generative model DiffuseMix [40], a pipeline is built
that uses a Diffusion Model and a text prompt to generate
augmentation, which can be done manually. Jin et al. propose
MergeMix [41] to trade-off the performance and efficient for
image classification via token merging on ViT-based models.

III. METHODOLOGY
A. Overview

Our proposed model is illustrated in Fig. @] and comprises two
components: StarMixup and StarLKNet. StarMixup employs a
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soft masking-based augmentation to generate suitable samples,
whereas StarLKNet achieves multi-granularity feature extrac-
tion via a large kernel-based CNN with a gating mechanism
that decouples features into global and gating streams.

B. Preliminaries

Mixup formulations. We define D = {(xz;,;)}¥, be the
training dataset, where z; € R"*™“*¢ denotes the i-th input
image with height h, width w and channels ¢, and y; € {0,1}%
is the corresponding one-hot encoded ground-truth label (K is
the number of classes). Mixup augmentation is mainly divided
into two cases: interpolating-based and masking-based. An
interpolation-based method like MixUp [9] creates virtual
training samples by linearly interpolating pairs of samples
and their labels. For two selected samples (z;,y;) and (x;,y;),
the mixed sample = and label ¢ are generated as:

T=A0z;+(1—-X) Oy,
g=Axy; +(1—A)*xyj,
where the ratio A sampling from a Beta(«, o) distribution.
Masking-based methods such as CutMix [[10]], by contrast,
generate mixed samples using a binary mask M € {0, 1}/x%,
which is generated by metrics such as attention scores,

gradients, or saliency maps. Then, the mixed samples were
obtained as:

ey

t=Moz;+(1-M)0ox, 2

where © denotes the element-wise product. Let fp(-) be the
deep neural network parameterized by 6. Both MixUp and
CutMix train the model by minimizing the loss between the
prediction fy(&) and the mixed label §. The final optimization
object is a Mixup Cross Entropy loss as in Eq. (3):

Lyce = A% Leg(fo(2),y:) + (1= A) x Lee(fo(2),y5). 3)

Gating module. Dynamic feature modulation has been
widely adopted in vision architectures to enhance representation
learning through adaptive reweighting mechanisms [42]. In this
work, we introduce a lightweight gating module composed
of a 1 x 1 convolution (Convyy;) followed by the SiLU
activation. The 1 x 1 convolution performs channel-wise linear
projection, enabling feature recalibration across channels with
negligible computational overhead. Subsequently, the SiLU
function introduces smooth non-linearity and input-dependent
modulation. The SiLU activation is defined as:

1
. 4
T 1 e_wv ( )

which can be interpreted as a self-gating operation, where each
feature is scaled by its sigmoid response. Compared to ReLU,
SiLU maintains non-zero gradients for negative inputs and
provides smoother transitions and more stable optimization.

Given an input feature map z € RYX"X¢ the gating
operation is defined as:

Gating(z) = SiLU(Convyx1(z)).

SiLU(z) =

(&)

This formulation can be viewed as an implicit multiplicative
modulation mechanism, where the convolution learns channel-
wise importance coefficients, and the SiLU activation adaptively

BO0E &

Mask v1§uallzat|0n of StarMixuprixe!

Fig. 5. From left — right are the visualizations of StarMask with different \.

scales features in a data-dependent manner. Unlike heavy
attention modules, this design introduces minimal parameters
while retaining the ability to suppress irrelevant responses and
amplify discriminative patterns.

C. StarMixup Augmentation

This subsection details the StarMixupP¢!/Point the pseudo
code are provided in Algorithm [I] and Algorithm [2}

a) StarMask generation: As illustrated in Fig. 3] the
proposed StarMask strategy, compared to the traditional mixing
ratio A, places greater emphasis on both the central region
and surrounding areas of the samples, demonstrating better
adaptability to the spatial distribution characteristics of vein
patterns. To obtain StarMask, we define a Gaussian function
Ga(-) to generate the mask M. We assume a pair of samples
(zi,9i), (z5,y;), with data € R¥*"*¢ and sampling A from
Beta(a, ). The Gaussian function is given by Eq. (6):

(%

[NJES
NG
[\v]
+
—
<
I
[SIES
N
S
S—

Ga(z,y) = exp (- : ©)
where k is the size of the Gaussian kernel set to the height
of input samples when the network is a convolution-based
classifier. It is set to patch size when the network is a
transformer-based classifier, then upsampled to the height of
input samples by scaling, since ViTs need to be patchified,
which differs from pixel-level masks, and converted to the
token level, o = A x h. Passing the parameters to Ga(-), we
obtain the mask M as Eq. (7):

1 N
== Ga(kn,h o),
N n=1

where N = 3. Note that 09 = (1 — \) x h, 01 = 03, and
ks = 2 x k1. Then, we normalize the aggregated mask to
ensure its values lie within [0, 1].

After getting the mask M, we need to recalculate the correct
mixing ratio \ according to Eq. (8):

Z;l):l 22;1 M

w X h

N

A= ) ®)

where M; ; denotes the pixel value at the i-th row and j-th
column in the mask. The value M, ; can be viewed as the
average intensity of all pixels in M. Finally, the & and the
corresponding label ¢ are obtained according to Eq. (9):

T=MOoux; +
@:S\*yz

(1 —M)QSL']‘,

)
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TABLE I
ToOP-1 ACCURACY (%)7T AND EER (%)J OF BASELINE, MIXUP, CUTMIX, SALIENCYMIX, AND STARMIXUP ON TJU600, ACC. MEANS ACCURACY.

Param. FLOPs Baseline MixUp CutMix SaliencyMix StarMixupPixel StarMixupPoint

TJU600 M) G)
Acc.T EER| Acc.tT EER| Acc.t EER] Acc.T EER| Acc.tT EER| Acc.? EER]
Small-Kernel CNN Models
VGG161cLr 2014 136.72 1550  79.38 3.32 91.22 1.14 86.38 2.18 86.45 2.03 91.15 1.09 90.80 1.44
ResNet18cvpr 2016 11.48 1.82 91.32 1.03 94.03 0.93 94.32 0.65 95.15 0.45 95.22 0.62 96.47 0.42
ResNet50cvpr 2016 24.74 4.12 88.77 1.48 94.53 0.60 93.85 0.75 93.72 0.72 94.90 0.64 94.93 0.63
ViT-based Global Receptive Field Models
ViT-smalljcrr>2021 48.47 9.42 - - 81.98 2.34 71.35 4.03 71.90 3.57 79.55 2.82 79.27 2.78
ViT-basejcrr 2021 86.26 16.86 - - 83.23 2.28 72.63 3.73 73.32 3.83 81.13 2.84 80.22 2.66
DeiT-tinyicmr 2021 5.64 1.08 - - 79.97 2.68 67.48 5.90 67.23 5.58 77.93 2.94 74.23 3.63
DeiT-smallicmrz2021 21.90 4.24 - — 81.93 2.51 74.68 3.31 75.12 3.36 81.71 2.54 81.10 2.26
SwinT-tinyiccv 2021 27.98 4.36 - - 92.37 0.88 82.50 1.72 82.97 1.92 92.15 0.88 87.40 1.53
SwinT-smalljccy2021 49.30 8.52 - - 92.35 0.88 83.32 1.89 84.10 1.75 91.87 0.96 87.82 1.36
SwinT-baseiccy 2021 87.36 15.14 - - 93.15 0.78 85.48 1.50 84.85 1.63 92.77 0.90 92.82 0.89
Vein-Specialized CNN Models
FVCNNriEs 2019 24.88 48.31 62.68 9.32 87.37 2.34 75.72 4.08 78.52 3.34 88.30 2.05 87.63 2.22
PVCNNriES 2019 4.49 5.45 69.65 5.14 90.30 1.78 78.18 3.80 79.67 3.45 90.67 1.40 89.40 1.95
FVRasNetriv2020 0.89 0.76 72.88 3.52 92.08 1.17 91.77 1.69 92.03 0.96 92.98 1.08 91.97 1.11
AMPVNetrigs~2024 1.38 0.17 78.92 3.15 92.18 1.25 85.52 2.13 85.62 2.15 92.47 1.08 92.40 1.30
RSNetrirs 2025 2.33 0.18 80.48 2.45 93.13 0.90 92.77 1.60 90.20 1.54 93.73 0.86 93.67 0.78
WTxGRNTiFs 2025 17.79 4.50 82.72 2.58 93.93 0.88 93.12 0.80 95.45 0.60 94.37 0.85 94.53 0.93
Large-Kernel Models (Ours)

StarLKNet-tiny 3.18 1.12 92.42 1.53 95.73 0.30 96.75 0.44 96.18 0.56 96.58 1.31 97.68 0.27
StarLKNet-small 12.56 4.12 93.58 1.53 98.55 0.16 97.40 0.37 97.33 0.44 98.70 0.22 98.78 0.18
StarLKNet-base 42.06 1442 9393 1.79 97.73 0.21 96.98 0.57 96.37 0.48 98.48 0.18 95.87 2.96
StarLKNet-large 150.60 5242  94.70 1.63 97.30 1.14 96.33 0.70 96.37 0.81 97.98 0.25 97.68 0.32
Gains — - +3.38  +0.50  +4.02 -0.44  +3.08 -0.28  +1.88 -0.01 +3.48 -0.44 +2.31 -0.24

b) Threshold setting: As shown in Fig. |§], due to Ga(-),
the obtained masks are not reliable when A is less than 0.3 or
more than 0.7, so we employ a threshold filtering strategy to
avoid obtaining unreliable masks when mixing:

if 0.3<\A<0.7,
otherwise.

4 Moz, +(1-M)Oz,,
Ak + (1= A) xzj,

(10)

We only employ the StarMask if A is within the range of [0.3,

0.7]; otherwise, we choose interpolation. This threshold setting
avoids the disadvantages of StarMixupP®! in special cases.

c) Forward-based StarMixup: To further improve the
adaptiveness and robustness of StarMixupP*°!, we propose a
forward-based variant, named StarMixupp"i“‘, which generates
the mask according to the gradient saliency of each sample.

Unlike StarMixupP*®!, where the Gaussian mask is con-
structed using a predefined spatial prior, StarMixupP™ first
performs a forward and backward pass to obtain the gradient
map S € R*" of the input sample. The saliency map reflects
the sensitivity of the prediction with respect to each spatial
location and thus highlights discriminative vein structures.

Specifically, given the gradient feature map S, we select
the Top-K spatial locations {(z,yx)}, with the highest
saliency values. For each selected point, we generate a smooth

Algorithm 1 StarMixupP™*¢ pseudo-code process.

Require: Beta(a, o) distribution, training dataset D
{(z4,v:)},, mixing ratio A\, Gaussian function Ga(-) and
k is kernel size, is_vit denotes the encoder type.
= wahxc
2: for z;, y; in D loder do

3: A = Beta(a, o),

4 Zj, Y; = torch.randperm(z;, ¥;),

5. if 0.3 < A < 0.7 then

6: if is_vit then

7 h = 14, scale = 16, upsample = nearest

8 end if

9: M = Ga(k, h, o, scale, upsample),

10: X according to the Eq. (§).

11: :%:M®$i+(1j./\/l)®l'j,
g=A*xy; + (1= A)*y,.

12:  else

13: T=A*xx; + (1 —N)*zy,
§=Aryi (1 N)#y,.

14:  end if

15: end for

Gaussian mask centered at (z, yx):

(x_mk)2+(y_yk)2>’ a1

Point(z,y) = exp (— 3
o
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TABLE 11
TPR@FPR (%)1 OF BASELINE, MIXUP, CUTMIX, SALIENCYMIX, AND STARMIXUP ON TJU600 DATASET.

TJU600 Baseline MixUp CutMix SaliencyMix StarMixupPixe! StarMixupPoint
TPR@FPR 0.01 0.001 0.0001 0.01 0.001 0.0001 0.01 0.001 0.0001 0.01 0.001 0.0001 0.01 0.001 0.0001 0.01 0.001 0.0001
Small-Kernel CNN Models
VGG16icLr2014 92.88 84.75 73.70 99.83 94.86 89.25 96.68 91.16 81.36 96.81 91.18 82.40 98.83 94.88 89.25 98.16 94.78 89.13
ResNet18cvpr2016 98.98 95.88 89.91 99.11 96.58 92.06 99.60 97.45 9293 99.80 98.38 94.26 99.53 98.05 93.96 99.85 98.26 95.41
ResNet50cvpr2016 97.96 93.58 86.48 99.60 97.65 93.70 99.46 97.36 9233 99.53 97.28 9225 99.51 97.96 93.70 99.61 97.61 93.93
ViT-based Global Receptive Field Models
ViT-smalljcLr 2021 - - - 95.68 87.15 7470 89.53 7528 60.68 90.53 76.41 6146 9431 84.75 71.56 9476 8520 71.03
ViT-basejcLr 2021 - - - 96.08 88.55 77.26 90.96 77.18 62.33 90.60 77.83 63.73 9491 86.15 7290 9490 86.35 72.51
DeiT-tinyicmr 2021 - - - 9431 85.10 71.36 8558 70.88 5526 86.45 71.11 53.66 9390 83.98 68.70 91.05 79.13 63.28
DeiT-smallicwmr 2021 — — - 9536 87.41 7558 91.73 79.56 64.83 91.63 79.48 6571 94.81 87.11 73.65 95.18 85.15 72.46
SwinT-tinyiccv2021 - - - 99.13 96.51 89.81 97.31 87.85 73.65 96.70 88.00 74.15 99.25 96.06 89.65 97.95 91.63 81.86
SwinT-smalljccyao2r — - - 99.16 96.25 89.88 96.98 87.60 73.55 97.21 88.88 74.60 99.06 9596 89.31 98.26 92.38 81.86
SwinT-baseiccv 2021 - - - 99.35 97.01 91.65 97.76 90.01 77.15 97.31 88.95 76.56 99.23 96.50 90.45 99.23 96.55 90.41
Vein-Specialized Models
FVCNNTiEs 2019 79.86 65.80 47.90 9633 90.51 82.65 91.38 79.66 63.51 93.71 84.65 70.63 96.95 91.86 83.35 96.66 90.71 81.60
PVCNNTES 2019 87.98 74.85 60.58 97.63 94.11 86.73 92.25 83.38 72.48 93.13 84.76 74.33 9831 93.95 8590 97.06 92.78 83.00
FVRasNetrinvr2020 92.51 79.11 63.16 9871 95.81 89.05 97.73 94.18 8836 99.05 96.06 89.51 98.83 9576 90.11 98.76 95.51 88.93
AMPVNetrips 2024 93.61 84.66 72.55 98.61 9576 89.96 96.48 90.16 79.83 96.83 91.23 8130 98.85 95.68 89.68 98.53 95.66 89.76
RSNetrips 2025 95.48 86.53 74.63 99.21 96.73 90.95 98.03 85.35 88.70 98.13 9451 86.56 99.20 96.88 91.95 99.38 96.76 91.65
WTXGRNTIFs 2025 95.45 88.53 77.50 99.21 97.11 9225 99.35 9743 9246 99.55 9831 94.85 99.21 97.21 92.65 99.06 96.96 92.40
Large-Kernel Models (Ours)

StarLKNet-tiny 98.18 94.86 86.47 99.78 99.30 9690 99.81 98.58 9586 99.66 98.08 94.01 98.65 97.86 92.56 99.88 99.25 97.13
StarLKNet-small 99.23 9596 89.13 99.88 99.71 98.53 9991 99.05 96.81 99.83 98.66 96.28 99.88 99.65 98.65 99.88 99.58 98.60
StarLKNet-base 98.06 96.45 90.01 99.86 99.63 98.53 99.58 98.65 9550 99.66 98.63 95.12 99.90 99.71 98.65 97.01 96.65 93.88
StarLKNet-large 98.33 96.76 91.36 99.45 98.31 94.62 9945 9831 94.62 99.68 98.63 9550 99.88 99.65 98.65 99.06 98.63 98.53
Gains +0.25 +0.88 +1.45 +0.05 +2.06 +4.83 +0.31 +1.6 +3.88 +0.03 +0.28 +1.43 +0.37 +1.66 +4.69 +0.03 +1.32 +3.19

where o controls the spatial smoothness and is automatically
scaled according to the input resolution. The final StarMask is
obtained by aggregating the K Gaussian components:

L ZPomt x,y).

M:
max (Y4, Point(z, y))

(12)

The mask is normalized to [0, 1] and used to perform pixel-
wise interpolation as & = M © z; + (1 — M) © z;.

Compared to the spatially predefined Gaussian mask in
StarMixupP*¢!, the proposed StarMixupP®™ adaptively focuses
on gradient-sensitive regions, which correspond to structurally
discriminative vein patterns. This forward-based mechanism
enables the mixing process to emphasize informative regions
while suppressing background interference, thereby improving
robustness and generalization performance.

D. StarLKNet Architecture Specifications

This subsection presents a detailed description of the Star-
LKNet backbone. As shown in Fig. [} StarLKNet comprises the
following sub-modules. Table [[Tl] shows the model architectures
across kernel sizes, number of layers, and dimensions.

Stem is the first module used as input to the network to
capture more details by mapping the raw samples into a higher-
dimensional space. Stem comprises three different convolution
kernel, a Convsy3 with step=2, a Convy,; with step=1 and a

DW Convsx 3 (Depthwise Separable Convolution) with step=2.
Batch Normalization (BN) layer and ReLU activation function
for reducing the internal covariate shift, stable training, and
introducing non-linearity to enhance the representation.

Embedding module is comprised of a Conv; «; with step=1,
two BN layers and a ReLU function. The purpose of the
embedding module is to aggregate feature information from
the stage inputs during convolution, and to avoid gradient
explosion or vanishing.

LaKBlock module comprises 3 convolution kernels: a large
DW Conv with k-size, a small DW Conv with s-size, and a
normal Conv; ;. A large kernel size aims to extend the ERF
by capturing more global features, whereas a small kernel size
captures more detailed local features. The global and local
features are aggregated by a Convjyi, producing an output
that is then fed into the next Channel Gating Neck layer.

Channel Gating Neck module splits the inputs into global
channel features z. and gating features z,. Firstly, we will
further introduce in Section [[I[-El Since the Neck connects
different stages of the architecture, the output of the last
DW Convs,s must be encoded into a higher-dimensional
representation (2xchannels).

FC Layer module including an Adaptive Average Pooling
and a Linear layer, which is intended to be used for the
final classification or other task, where the obtained feature
information is subjected to a mapping to obtain the final
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Algorithm 2 StarMixupP®™ pseudo-code process.

Require: Beta(o, ) distribution, training dataset D =
{(zs,v:)}Y,, Gaussian function Ga(-), Top-K points,
encoder fy(-), is_vit denotes the encoder type.
= wahxc
for z;, y; in D loader do

A = Beta(a, o)
Zj, Yy; = torch.randperm(z;, y;)

1:

2:

3

4:

5. §— ‘M(fe(xi),yi) ‘
6 if is_vit then

7

8

9

8:E7;
Downsample S to patch resolution
scale = 16, upsample = nearest
: end if
10:  {(@k,yx)}5_, = Top-K positions from S

11: POiI’lt(:L’7 y) = exp (-WM)

12 M= max(zﬁjpoim(%y)) Z,ﬁil Point(z, y)
13:  Normalize M to [0, 1]

14: .%ZM@%-I-(}—M)@CEJ'

15 g=Ayi+(1—Ny;

16: end for

classification probability distribution.

E. Advanced Module in StarLkNet

This subsection explains two modules in our StarLKNet.

Feature mixing. This paragraph explains the large kernel
DW Convyxx and small kernel DW Convgy mixing method,
aiming to enable the model to capture both local and global
features. This allows for stable optimization of the model fy.

z = ReLU(DW Convixk(z) + DW Convsys(2)),  (13)
where k is set to 3 for a small-size architecture, 5 for a base-
size architecture, and 7 for a large-size architecture. In palm
vein images, the DW Convy« captures the total distribution
of veins and locations. The DW Conv,ys more captures the
thickness of the vein and the direction of rotation.

Gating bottleneck. The bottleneck usually uses small
convolution kernels to reduce noise and enhance useful features,
which can improve performance and reduce training time, but
it can lead to overfitting to local features. The Gating operation
can emphasize or suppress features by learning Conviyi
weights, combined with an activation function to introduce
nonlinearity and complete the feature screening process. In our
Channel Gating Neck module, we use the gating to replace the
bottleneck, and use two Dilation convolution kernels to retain
and further enhance the global features according to Eq. (I4):

2 =2+ BN(z4 * 2.)

14

=2 + BN(Gating(z) * DialConv set(z)), (9

where the DialConv set(-) denotes the Dilation convolution

kernels set with dilation ratio [3, 1], z denotes the input features
for the residual connection.

TABLE III
ARCHITECTURE CONFIGURATIONS OF STARLKNET VARIANTS.

Architecture Configurations

Stage Index Modules Tiny Small Base Large

Large Kernel Sizes 27 27 31 31

Stage 1 Layers 2 2 2 2
Channels 32 64 128 256

Large Kernel Sizes 27 27 29 19

Stage 2 Layers 2 2 2 2
Channels 64 128 256 512

Large Kernel Sizes 27 27 27 27

Stage 3 Layers 10 18 18 18
Channels 128 256 512 1024

Large Kernel Sizes 13 13 13 13

Stage 4 Layers 2 2 2 2
Channels 256 512 1024 2048

Small Kernel Size 3 3 5 5

Dilation Ratio [1, 3]
FC Layer Adaptive Average Pooling, Linear

IV. EXPERIMENTS

To evaluate the performance of our methods, we con-
ducted experimental comparisons on 4 public palm vein
datasets: TIU600 [43], SCUT834 [25]], CASIA200 [44], and
VERA220 [45]. For each dataset, we compared six cases:
baseline (without mixup), MixUp [9], CutMix [10], Salien-
cyMix [11], StarMixupP*®!, and StarMixupP®™. To ensure a
comprehensive comparison, we benchmarked against three
categories of models: (i) general-purpose Small-Kernel CNN
Models (VGG16 [46]], ResNet18 [20], and ResNet50); (ii) Vein-
Specialized CNN Models ( FVCNN [12], PVCNN |[14], FVRas-
Net [13], AMPVNet [25]], RSNet [26]], and WTxGRN [27]));
and (iii) ViT-based Global Receptive Field Models (ViT [17],
DeiT [18], and Swin Transformer (SwinT) [19]]).

We evaluate performance using Top-1 accuracy (Acc.),
reported as the median value over the final ten training epochs
to reflect stable classification; the EER, derived from the false
acceptance and false rejection rates at the last epoch; and the
True Positive Rate (TPR) at low False Positive Rates (FPR) of
0.01, 0.001, and 0.0001, which measures verification sensitivity
under stringent security thresholds. The best results achieved
by our methods are highlighted in bold, while the best results
among the compared methods are underlined. In addition to
performance metrics, we also report with model parameters
(Param.) and floating-point operations (FLOPs).

A. Datasets

In this subsection, we present details of the four publicly
available palm vein datasets. All palm vein images are resized
to 224 x 224 after ROI normalization for fair comparison.

TJU600 [43]]: The TJU dataset consists of palm vein images
provided for the left and right hands of 300 volunteers. The
data from each volunteer were collected 2 times, with about
60 days between the collections. The images were collected
from each palm per time point, contains 12,000 images (300
volunteers x 2 palms x 10 images x 2 time periods).

SCUT834 [25]: The SCUT dataset consists of palm vein
images provided for the left and right hands of 417 volunteers,
captured under unconstrained and weak-cooperative conditions
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TABLE IV
ToP-1 ACCURACY(%)T AND EER(%)J OF BASELINE, MIXUP, CUTMIX, SLIENCYMIX, AND STARMIXUP ON SCUT834, ACC. MEANS ACCURACY.

. i 1 H H H H pixel H point

SCUTS34 Pa(\iz/}r)n. FL(,((}))Ps Baseline MixUp CutMix SaliencyMix StarMixup! StarMixup!
Acc.T EER| Acc.tT EER| Acc.t EER] Acc.T EER| Acc.tT EER| Acc.? EER]
Small-Kernel CNN Models
VGG161cLr 2014 137.68 15.5 90.43 1.01 96.98 0.33 92.34 0.92 92.71 0.82 97.51 0.20 96.00 0.46
ResNet18cvpr-2016 11.60 1.82 98.01 0.19 99.28 0.09 99.16 0.10 99.06 0.10 99.28 0.08 99.35 0.07
ResNet50cvpr-2016 25.22 4.12 97.60 0.20 99.26 0.08 98.85 0.09 98.59 0.10 99.21 0.10 99.35 0.10
ViT-based Global Receptive Field Models
ViT-smallycr re2021 48.65 9.42 — — 90.74 1.08 85.42 1.94 83.93 1.97 89.93 1.27 90.17 1.20
ViT-baseicLr 2021 86.44 16.86 — — 91.68 0.93 84.75 2.04 84.58 1.85 90.74 1.20 90.79 1.18
DeiT-tinyicmr2021 5.69 1.08 - — 88.56 1.30 80.17 2.16 80.46 2.45 89.30 1.37 82.59 2.64
DeiT-smalljcmr2021 21.99 4.24 — — 91.08 0.98 85.61 1.85 86.38 1.51 89.06 1.27 82.33 2.16
SwinT-tinyiccv 2021 28.16 4.36 — — 98.42 0.12 96.71 0.32 96.47 0.43 98.11 0.17 96.76 0.39
SwinT-smalljccvio02r 49.48 8.52 — — 98.23 0.14 96.55 0.37 96.26 0.46 97.99 0.17 96.52 0.43
SwinT-baseiccy2021 87.60 15.14 — — 98.73 0.10 97.36 0.31 97.27 0.28 98.63 0.14 98.54 0.12
Vein-Specialized CNN Models
FVCNNr1Es 2019 25.00 48.31 89.86 1.45 93.79 0.74 92.73 0.86 92.95 0.85 93.45 0.86 94.65 0.73
PVCNNr1Es 2019 4.61 5.45 91.49 1.12 94.12 0.71 92.01 1.01 92.13 0.927 95.52 0.55 96.07 0.60
FVRasNetrtiv2020 0.95 0.76 95.47 0.52 97.48 0.26 97.84 0.35 97.96 0.21 97.53 0.30 98.15 0.20
AMPVNetrirs 2024 1.50 0.17 95.49 0.46 97.82 0.36 96.50 0.38 96.43 0.44 97.79 0.29 98.08 0.34
RSNetrirs2025 245 0.18 95.80 0.46 98.51 0.15 97.55 0.33 97.60 0.28 98.39 0.19 98.44 0.19
WTxGRNTEs 2025 17.97 4.50 96.57 0.31 99.35 0.13 99.25 0.07 99.40 0.07 99.30 0.15 99.47 0.10
Large-Kernel Models (Ours)

StarLKNet-tiny 3.21 1.12 98.03 0.26 99.38 0.12 99.04 0.17 99.16 0.15 99.42 0.15 99.54 0.17
StarLKNet-small 12.62 4.10 97.79 0.31 99.62 0.12 99.47 0.07 99.28 0.09 99.59 0.09 99.52 0.13
StarLKNet-base 42.30 14.42 98.30 0.19 99.62 0.10 99.54 0.08 99.50 0.11 99.74 0.07 99.66 0.06
StarLKNet-large 151.08  52.42 98.15 0.24 99.76 0.07 99.52 0.10 99.57 0.06 99.69 0.05 99.81 0.09
Gains — — +0.29 -0.00 +0.41 -0.01 +0.27 -0.00 +0.17 -0.01 +0.44 -0.03 +0.34 -0.01

over three years. As approximately 10 vein images were
collected from each palm, the dataset contains 8340 near-
infrared images (417 volunteers X two palms x 10 images).

VERA220 [45]: The VERA dataset contains palm vein
images of the left and right hands of 110 volunteers, acquired
over two periods. As five palm vein images were collected for
each hand at each time, the dataset contains 2200 images (110
volunteers x 2 palms x 5 images X 2 time periods).

CASIA200 [44]]: The CASIA palm vein dataset contains
palm vein images of the left and right hands of 100 volunteers,
acquired over two sessions with more than one month between
them. As 3 vein images were collected from each palm per
session, the dataset contains 1,200 images (100 volunteers x
2 palms x 3 images x 2 time periods).

B. Implementations

For all the palm vein datasets, we use RandomFlip and
3-pixel padding with RandomCrop as the basic augmentation
methods. The batch size for the experiments was set to 32,
and training was carried out for 600 epochs. For the advanced
CNN models, including ResNet18, ResNet50, FVRasNet, and
our proposed StarLKNet, the learning rate was initialized to
0.1. For VGG16, the learning rate was set to 0.01 and adjusted
using a cosine scheduler. A momentum of 0.9 and a weight
decay of 0.0001 were used with the SGD optimizer. For the

FVCNN, PVCNN, RSNet, and WTxGRN, the AdamW [47]
optimizer with a learning rate of 0.001 and a weight decay of
0.01 was used. For ViT-based models, e.g., ViT (small, base),
DeiT (tiny, small), and SwinT (tiny, small, and base), we follow
the settings of OpenMixup [48]]; the learning rate was set to
0.0001, adjusted by a cosine scheduler, and warmup under 150
epochs with a 0.0001 ratio. Optimized by AdamW optimizer
with a 0.001 weight decay. In all ViT-based models, we used
label smoothing with €=0.1.

C. Overall Recognition Performance

Table [}, Table [VI] Table [TV} and Table [VIII] show the perfor-
mance of our methods in terms of 2 metrics: Acc. and EER.
Table [I| shows that StarLKNet models consistently outperform
all competitors under every augmentation, achieving the highest
Acc. (98.78% with StarMixupP®™) and lowest EER (0.16% with
MixUp) on TJU600. Compared to the best existing models,
our model achieves up to 4.02% higher Acc. and reduces
EER by up to 0.44%, while using only 12.56M parameters
and 4.12G FLOPs. Moreover, our proposed StarMixup®*® and
StarMixupP°™ consistently boost performance over baseline
and other mixup methods, often yielding the best results for our
models. These results validate the effectiveness of our large-
kernel design and augmentation strategy. To further validate
the performance, we conducted experiments on three additional



UNLEASHING PALM VEIN RECOGNITION VIA SMOOTH MASK MIXUP AND LARGE KERNEL-BASED NETWORK

TABLE V
TPR@FPR(%)1 OF BASELINE, MIxXUP, CUTMIX, SALIENCYMIX, AND STARMIXUP ON SCUT834.

SCUTS834 Baseline MixUp CutMix SaliencyMix StarMixupPixe! StarMixupPoint
TPR@FPR 0.01 0.001 0.0001 0.01 0.001 0.0001 0.01 0.001 0.0001 0.01 0.001 0.0001 0.01 0.001 0.0001 0.01 0.001 0.0001
Small-Kernel CNN Models
VGGI161cLr 2014 98.99 96.01 90.19 99.80 99.23 97.72 99.25 97.41 92.61 99.25 97.41 92.82 99.88 99.25 96.28 99.73 98.75 96.28
ResNet18cvpr 2016 99.92 99.73 98.99 99.97 99.90 99.68 99.97 99.88 99.61 99.97 99.92 99.64 99.95 99.95 99.81 99.97 99.92 99.64
ResNet50cvpr©2016 99.95 99.49 98.58 99.97 99.90 99.68 99.97 99.90 99.30 99.97 99.85 99.16 99.97 99.88 99.76 99.97 99.90 99.68
ViT-based Global Receptive Field Models
ViT-smalljcr r2021 - - - 98.82 8522 89.49 97.26 91.41 81.51 97.07 90.11 7894 98.56 9491 88.75 98.48 94.75 88.96
ViT-basejcLr 2021 - - - 99.18 96.30 91.24 96.83 90.67 80.00 97.26 91.43 81.15 98.68 95.68 89.08 98.65 95.68 89.42
DeiT-tinyicmr2021 - - — 98.36 94.48 87.14 9640 88.03 74.50 96.01 87.67 75.58 98.22 94.60 87.84 95.89 89.20 78.01
DeiT-smalljcmr2021 - - - 99.08 95.77 90.52 97.33 91.84 81.53 97.81 9242 83.31 98.56 94.58 87.67 96.74 89.59 78.03
SwinT-tinyiccv2021 - - - 99.92 99.83 99.13 99.88 99.20 97.12 99.78 98.99 96.76 99.92 99.73 98.82 99.92 99.30 97.26
SwinT-smalljccya021  — - - 99.97 99.73 98.99 99.92 99.11 96.64 99.78 98.94 96.30 99.97 99.66 98.65 99.78 99.11 96.47
SwinT-basejccv2021 - - - 99.97 99.90 99.40 99.95 99.40 97.43 99.95 99.20 97.48 99.97 99.83 99.16 99.95 99.76 99.13
Vein-Specialized Models
FVCNNEs 2019 98.24 95.15 89.52 99.35 97.72 93.57 99.18 97.41 9333 99.23 97.29 93.50 99.18 97.55 93.35 99.44 98.15 94.79
PVCNNTgs 2019 98.87 96.54 9146 9935 97.72 9434 9899 96.54 91.96 99.25 96.29 91.96 99.66 98.56 95.56 99.64 98.39 96.45
FVRasNetrv2020 99.68 98.70 96.59 99.92 99.40 9791 99.80 99.37 98.39 99.90 99.61 98.87 99.88 99.35 98.11 99.92 99.61 98.66
AMPVNetrgs 2024 99.71 98.77 96.49 99.90 99.35 98.41 99.83 98.99 97.43 99.78 9894 97.55 99.88 99.44 98.48 99.88 99.32 98.46
RSNetrips 2025 99.71 9896 97.00 99.92 99.76 98.99 99.83 99.28 98.15 99.92 99.47 98.46 99.97 99.71 98.92 99.95 99.64 98.99
WTxGRNTgs 2025 99.88 99.30 97.57 99.92 99.83 99.61 99.97 99.95 99.76 99.97 99.97 99.97 99.97 99.85 99.66 99.95 99.90 99.73
Large-Kernel Models (Ours)

StarLKNet-tiny 99.88 99.52 98.60 99.95 99.88 99.59 99.97 99.80 99.52 99.97 99.73 99.42 99.95 99.83 99.52 99.95 99.85 99.68
StarLKNet-small 99.92 99.49 98.48 99.95 99.88 99.78 99.97 99.95 99.76 99.95 99.90 99.73 99.95 99.92 99.71 99.97 99.88 99.71
StarLKNet-base 99.92 99.61 99.04 99.97 99.92 99.78 99.97 99.92 99.85 99.97 99.88 99.78 99.97 99.92 99.83 99.97 99.92 99.83
StarLKNet-large 99.85 99.71 98.94 99.97 99.92 99.78 99.97 99.90 99.83 99.97 99.95 99.80 99.97 99.95 99.80 99.97 99.92 99.85
Gains -0.03 -0.02 +0.05 +0.00 +0.02 +0.10 +0.00 +0.05 +0.09 +0.00 -0.02 -0.17 +0.00 +0.00 +0.02 +0.00 +0.00 0.12
datasets: SCUT834, VERA220, and CASIA200. On SCUT834  99.71%, and 98.65%, surpassing all prior models. Gains are

(Table [IV), our StarLKNet models consistently outperform
all competitors, with StarLKNet-large achieving the highest
Acc. (99.81% with StarMixupP®™) and the lowest EER (0.05%
with StarMixupP*®'). On VERA220 (Table and CASIA200
(Table [VIII), our models also exhibit substantial gains.

D. Performance under Low FPR

In high-security biometric applications, the ability to main-
tain a high TPR at extremely low FPR is critical, as it
directly reflects the reliability of the model under stringent
authentication thresholds. While overall accuracy and EER
provide a general performance overview, they do not fully
capture verification sensitivity in the low FPR. Therefore, we
further evaluate TPR at FPRs of 0.01, 0.001, and 0.0001 on
four datasets, and present the Receiver Operating Characteristic
(ROC) curves to comprehensively illustrate the trade-off
between TPR and FPR over the full range of operating points.

As shown in Table StarLKNet models consistently
achieve the highest TPR across all FPR thresholds, particularly
when combined with StarMixup. For example, StarLKNet-
small achieves TPRs of 99.88%, 99.71%, and 98.53% at
different FPRs, respectively, outperforming the best competing
method by up to 4.83% at the most stringent FPR of 0.0001.
Similar improvements are observed under augmentations, e.g.,
with StarMixuppi"el, StarLKNet-base achieves TPR of 99.90%,

particularly pronounced at the lowest FPR, demonstrating the
superior discriminative power and robustness of our approach.
Consistent trends are also observed on the SCUT834 (Table [Z[)
VERA220 (Table [VII), and CASIA200 (Table [VIII) datasets,
where our methods maintain leading TPR across all FPR levels.

In addition to the tabulated results, we present the ROC
curves for various models under different augmentation strate-
gies on three datasets (Fig. [6). The curves further corroborate
the quantitative findings: StarLKNet-small and StarLKNet-base
consistently achieve the highest TPR at low FPR, underscoring
their strong verification capability. Moreover, StarMixupP™*®!
consistently boosts performance, outperforming both MixUp
and CutMix across all datasets. These results collectively
validate the effectiveness of our large-kernel architecture and
the proposed augmentation in enhancing palm vein verification
under stringent security requirements.

E. Robustness Experiments

To demonstrate the robustness of StarLKNet, we conducted 2
scenarios for the experiments. (a). Occlusion classification [49]
and (b). t-SNE clustering [50]].

Occlusion classification: we randomly occluded with 16 x
16 size patches, with the occlusion ratio gradually increasing
from 0% to 10%. Then, input the occluded test sets into
different models for classification. Since vein images contain
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TABLE VI
ToP-1 ACCURACY (%)?T AND EER (%) OF BASELINE, MIXUP, CUTMIX, SALIENCYMIX, AND STARMIXUP ON VERA220, ACC. MEANS ACCURACY.

N aceli 3 1 ali : . : pixel > 3 point

VERA220 Pc(llr\;}r)n. FIZ((}))PS Baseline MixUp CutMix SaliencyMix StarMixup! StarMixup!

Acc.T EER] Acc.tT EER| Acc.t EER] Acc.t EER| Acc.t EER] Acc.tT EERJ

Small-Kernel CNN Models
VGG161crRr 2014 135.16  15.50 66.91 8.10 95.09 1.26 70.55 8.20 69.64 8.97 93.82 1.54 85.55 3.01
ResNet18cvypr2016 11.29 1.82 71.91 4.53 95.55 1.26 80.18 3.99 82.82 3.01 96.55 1.21 95.91 0.84
ResNet50cvpr2016  23.96 4.12 66.91 7.00 93.91 1.64 77.09 3.73 71.73 5.28 96.00 0.88 89.00 1.99
Vein-Specialized Models
FVCNNTEs 2019 24.69 48.31 69.36 5.39 90.27 2.34 78.64 3.34 82.64 2.79 89.27 2.88 89.18 1.86
PVCNNTiES 2019 4.29 5.45 54.73 12.40 82.18 2.66 52.64 12.99 60.45 11.36 83.45 2.62 73.18 6.12
FVRasNettv2020 0.79 0.76 67.27 6.47 90.73 1.64 69.91 6.21 72.91 5.19 88.73 1.84 83.91 2.44
AMPVNetrirs 2024 1.18 0.17 75.00 4.10 95.64 0.93 83.09 2.72 84.73 2.28 96.18 0.89 93.64 0.89
RSNetrirs 2025 2.14 0.18 70.73 5.56 94.73 1.02 78.00 4.97 79.00 4.55 95.55 0.91 91.45 1.47
WTxGRNTFRS 2025 17.50 4.50 69.45 4.99 95.18 0.84 86.91 3.72 86.73 2.84 95.55 0.91 91.45 1.47
Large-Kernel Models (Ours)
StarLKNet-tiny 3.08 1.12 83.55 291 98.00 0.72 86.70 3.02 85.55 3.01 97.73 0.52 98.82 0.54
StarLKNet-small 12.37 4.12 84.64 2.31 98.55 0.65 88.18 2.46 89.72 2.45 98.45 0.55 98.64 0.71
StarLKNet-base 41.67 14.42 87.45 2.39 98.00 0.41 89.73 2.34 89.27 3.05 98.00 0.99 98.64 0.50
StarLKNet-large 149.82 5242 83.45 3.38 94.27 2.04 90.91 1.95 89.18 1.99 94.18 2.79 97.73 0.79
Gains — — +1245 -1.79 +3.00 -0.43 +4.00 -0.77 +2.99 -0.29 +1.90 -0.36 +2.91 -0.34
TABLE VII
TPR@FPR (%)1 OF BASELINE, MIXUP, CUTMIX, SALIENCYMIX, AND STARMIXUP ON VERA220 DATASET.

VERA220 Baseline MixUp CutMix SaliencyMix StarMixupPixe! StarMixupPint
TPR@FPR 0.01 0001 0001 0.01 0.001 0001 0.01 0.001 0.001 001 0.001 0001 001 0.001 0.001 0.01 0.001 0.001
Small-Kernel CNN Models
VGG16jcLr 2014 80.36  64.54 4354 98.72 96.51 91.54 8027 6881 5190 81.18 66.63 49.72 9836 9554 85.18 95.00 87.09 69.64
ResNet18cypr2ois 8891  70.63 4636  98.81 97.81 92.63 90.81 80.27 68.09 93.00 83.54 7291 98.81 9745 95.00 99.09 97.09 91.54
ResNet50cypr2016  81.54  64.00 4190 98.09 96.00 91.00 90.00 7645 6290 85.64 70.72 54.09 99.00 97.27 94.09 96.72 92.54 80.27
Vein-Specialized Models
FVCNNrTEs 2019 8581 6736 4190 96.54 92.36 80.82 9381 79.09 53.54 93.81 8091 6236 9636 91.54 82.09 9745 9145 7827
PVCNNTEs 2019 67.18 4854 25772 95.18 84.09 62.09 66.54 47.09 28.63 71.81 5554 36.36 9581 8727 6554 8581 7045 4327
FVRasNettivo020 8227 6590 4199 97.72 9227 7881 8336 68.72 53.18 86.18 7327 57.63 97.54 89.82 7827 95.00 86.00 77.18
AMPVNetrpsoop4 9236 75.36 51.63  99.09 97.81 93.63 9545 8527 73.81 96.00 87.00 73.72 99.27 97.93 94.00 99.18 96.09 89.36
RSNetrirs 2025 85.81 69.45 50.54 9890 97.18 91.81 90.81 77.36 59.54 90.18 78.72 62.81 99.45 97.73 92.09 98.64 96.00 91.18
WTxGRNTEs 2005 85.90  67.09 4790 99.36 97.90 9245 93.54 88.27 80.72 94.36 87.63 79.90 99.18 97.27 92.81 98.09 94.36 83.18
Large-Kernel Models (Ours)

StarLKNet-tiny 94.64 8373 66.82 99.55 98.73 96.64 93.55 87.73 79.82 9436 8627 74.18 99.36 9891 96.00 99.36 9891 97.45
StarLKNet-small 96.18 84.45 67.36  99.45 99.18 97.64 95.55 89.55 79.00 9572 90.18 79.73 99.64 9891 96.45 9945 99.09 97.18
StarLKNet-base 9536 8845 72.09 9945 98.64 97.09 9645 9145 8091 9573 91.36 78.55 99.09 98.82 9691 99.72 99.00 98.09
StarLKNet-large 9427 83.09 66.18 9773 96.36 86.82 97.00 92.54 86.00 96.18 91.00 78.82 9691 9636 66.27 99.36 98.64 97.64
Gains +3.82 +13.09 +20.46 +0.19 +1.28 +4.01 +1.55 +4.27 +528 +0.18 +3.73 -0.17 +0.19 +0.98 +1.91 +0.54 +2.00 +6.55

both continuous and discrete features, a mask patch may
interrupt these features when it falls in a region with constant
veins. This challenges the model and provides an additional
configuration to assess its robustness to vein features. From
Fig. [7] we observe that StarLKNet-small achieves the highest
accuracy for occlusion ratios from 0% to 10%, which shows
that the large kernels are beneficial for robustness.

t-SNE clustering: We compare the trained models by
visualizing the representation of our StarLKNet and ResNet18
in Fig. 8] A close look at t-SNE shows that images of the
same class cluster together, indicating better learning. Notably,

StarLKNet exhibits distinct, more cohesive clusters with well-
defined margins between classes, suggesting that the network
consistently learns class-specific discriminative features.

F. Ablation Study

Our ablation experiments aim to evaluate the effectiveness
of the StarMixup augmentation method, the Gating module,
and the Large Kernel module, and to conduct hyperparameter
sensitivity analysis in our approach.

Augmentation ablation: We perform experiments us-
ing ResNetl8, FVRasNet, RSNet and StarLKNet-tiny on
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Fig. 6. ROC curves of different models under various data augmentation strategies on three datasets. From left to right: Baseline (no augmentation), MixUp,
CutMix, and our proposed StarMixupP™*¢!. Top row: ROC curves on the TJU600 dataset. Middle row: ROC curves on the VERA220 dataset. Bottom row: ROC
curves on the SCUT834 dataset. Across all subplots, the x-axis represents the FPR on a log scale, and the y-axis represents the TPR.

TABLE VIII
TOP-1 ACCURACY(%)T AND EER(%)J) RESULTS ON CASIA200 DATASET.
Param. FLOPs Accuracy EER TPR@FPR
CASIA200 M) ) @1 (%)L
0.1 0.01 0.001 0.001

Small-Kernel CNN Models
VGG16icLr 2014 135.08 155 40.17  15.33 81.50 55.83 23.83 6.33
ResNet18cypr2oie  11.28  1.82 74.00 435 97.50 87.83 69.33 40.17
ResNet50cypr2016  23.92  4.12 45.83  16.71 79.33 60.67 24.17 3.00

Vein-Specialized CNN Models
FVCNNr1Es 2019 24.68 48.31 68.00 7.51 93.00 81.33 61.50 27.33
PVCNNTEs 2019 4.28 5.45 55.67 15.00 81.00 66.17 35.00 7.17
FVRasNetrpvo00 079 0.76 5233 18.59 79.17 66.33 31.00 0.0
AMPVNetygs2004  1.17 0.17 69.83 6.66 96.00 84.00 65.67 44.67
RSNetrirs 2025 2.13 0.18 70.00 6.16 95.17 8550 62.83 35.50
WTXxGRNtEs 2005 1748 4.5 72.50 5.89 96.00 87.50 65.17 36.67

Large-Kernel Models (Ours)
StarLKNet-base 41.65 1442 76.50 4.32 97.00 89.33 71.00 51.00
Gains — - +2.50 -0.03 -0.50 +1.50 +1.67 +6.33

the TJU600 dataset. The aim is to verify the effect of
StarMixupPe!/point and the [0.3,0.7] threshold setting. Table
demonstrates that applying StarMixupP*®' is detrimental to the
model in certain instances, resulting in a 0.44% reduction in
Top-1 accuracy compared to the SaliencyMix. As illustrated
in Fig. 5] the mask is observed to concentrate on the central
region when A is less than 0.3 and on the periphery when it is
greater than 0.7. However, when X is between 0.3 and 0.7, the
mask achieves an additional boost of 0.51%, 0.33%, 0.20%,

Models on the TJU600 dataset

Models on the VERA220 dataset
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Fig. 7. Occlusion classification curves of different models without data

augmentation. Left: Top-1 accuracy on the TJU600 dataset under test-set
random patch masking. Right: Top-1 accuracy on the VERA220 dataset under
the same occlusion protocol, validating cross-dataset generalization.

t-SNE visualization of VEAR220 dataset
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Fig. 8. t-SNE visualization of ResNet18 and StarLKNet-small on the VERA220
dataset. We plot some incorrect clustering using red circles. It is seen that
StarLKNet-small can extract more robust features in the hidden space.

and 0.26% on ResNet18, FVRasNet, RSNet, and StarLKNet-
tiny, respectively. Meanwhile, the StarMixup”®™ could improve
the gains of 1.25% and 1.10% in some models.

Module ablation: We performed module ablation studies on
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TABLE IX
ABLATION EXPERIMENTS ABOUT STARMIXUPXEL OR STARMIXUPPOINT
AND THRESHOLD SETTING METHOD ON THE TJU600 BASED RESNETI8,
FVRASNET, RSNET, AND STARLKNET-TINY.

VERA220 ResNet18  FVRasNet ~ RSNet  StarLKNet-tiny
Baseline 91.32 72.88 80.48 92.42
Other mixup augmentations
MixUp [9] 94.03 92.08 93.13 95.73
CutMix [10] 94.32 91.77 92.77 96.75
SaliencyMix [[11] 95.15 92.03 90.20 96.18
Our augmentation
StarMixupPi*el 93.55 90.27 92.73 94.31
w. smooth mask 94.71 92.65 93.53 96.32
w. threshold 95.22 92.98 93.73 96.58
StarMixupPeint 96.47 91.97 93.67 97.68
TABLE X

ABLATION EXPERIMENTS ABOUT STARLKNET-SMALL BASELINE AND

THEIR MODULES EFFECTIVE ON THE VERA220 AND TJU600 DATASETS.

Modules TIJU600 VERA220
Param. FLOPs Acc. EER Param. FLOPs Acc. EER
Vanilla small-kernel CNN with kernel size of 3
ResNet18 11.48 1.82 9132 1.03 11.29 1.82 7191 453
With large kernel Convix i
k=7 4.12 079 9241 0.87 392 0.79  79.13 321
k=14 4.76 097 9145 1.01 456 097 83.63 2.63
k=27 7.68 1.82  89.15 195 748 1.82 72,18 4.82
Other modules
+ DialConv set  12.32 4.03 90.77 1.65 1213 4.03 7845 4.70
+ Gating 12.56 4.12 9358 153 1237 412  84.64 231

TJU600 and VERA220 to validate the key components of Star-
LKNet (Table [X). Compared to ResNet18, simply increasing
the kernel size to 7 improves accuracy, but further increasing
to 14 or 27 degrades performance, indicating that naive kernel
scaling alone is suboptimal. Adding the DialConv set reduces
accuracy (from 91.32% to 90.77% on TJU600), suggesting
that uncontrolled receptive field expansion introduces noise.
However, when combined with the Gating module, the full
model achieves the best results: 93.58% accuracy and 1.53%
EER on TJU600, and 84.64% accuracy with 2.31% EER
on VERA220. This demonstrates the synergistic effect of
DialConv set and gating, where gating effectively filters the
high-dimensional features expanded by dilated convolutions,
retaining only the most discriminative information.
Hyperparameter analysis: Fig.[9]shows two hyperparameter
of StarMixupPi"e', i.e., the o of Beta distribution and threshold
ratio. The distinct values of « give rise to different distributions
of the Beta. A smaller o makes it more likely to sample extreme
values near O or 1, while o equal to 1 represents a uniform
distribution. A larger «, on the other hand, facilitates sampling
values close to 0.5. We evaluated five values and found the
optimal value for StarMixupP™*®!, which is 1. The threshold
ratio range corresponds to the degree of the mask generated by
StarMixupP*¢!, In Section we visualized the masks across

Hyperparameter sensitivity analysis
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Fig. 9. Hyperparameter sensitivity analysis of Top-1 accuracy on the VERA220
dataset with StarMixupP™*®!. (a) Top-1 accuracy across different « ratios,
peaking at ratio = 1.0. (b) Top-1 accuracy across different threshold ratios,
with optimal performance at ratio = 0.3.

different ratios and conducted a sensitivity analysis. Finally, we
found that the range [0.3, 0.7] is optimal for StarMixupP™¢!,

V. CONCLUSION

In this paper, we propose StarLKNet, a CNN-based palm
vein recognition network with large kernels that incorporates
the StarMixup data augmentation method and the StarLKNet
architecture. StarMixup generates smooth masks for image
interpolation via a Gaussian function, thereby alleviating
overfitting caused by limited training data and enhancing the
model robustness. The large kernel-based network captures
more globally effective features through the large ERF and
the screening capability of the gating mechanism, thereby
stabilizing the recognition capability of classier. Extensive
recognition experiments and analysis studies are conducted to
verify the outstanding performance of the proposed method.
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