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Abstract—Vein recognition is a secure biometric technology, but
its progress is often constrained by limited annotated data and
domain-specific imaging variations. Data augmentation is widely
used to mitigate this issue, yet strategies designed for natural
images may disrupt the fine-grained topology and high-frequency
textures that are essential for vein identity discrimination. To
provide a systematic evaluation, we present AGVBench, a
comprehensive benchmark and open-source codebase for studying
data augmentation in vein recognition. AGVBench evaluates
30 representative augmentation strategies on five public palm-
and finger-vein datasets with seven backbone architectures,
covering classic CNNs, vision transformers, and vein-specific
recognition models. Our results show that multi-image mixing
methods, such as MixUp, PuzzleMix, and StarMixup, generally
provide the strongest recognition and verification performance.
However, they are often poorly calibrated and vulnerable to
adversarial perturbations, revealing a clear accuracy-robustness
trade-off. We also find that geometric transformations frequently
degrade vein recognition by disturbing vascular topology, and
that augmentation effectiveness varies across palm and finger vein
datasets. These findings show that accuracy-centric evaluation is
insufficient for biometric augmentation. AGVBench provides a
standardized protocol and reusable implementation to support
reproducible research and guide the design of more reliable,
robust, and deployment-oriented vein recognition systems.

Index Terms—Data Augmentation, Vein Identification, Biomet-
rics, Computer Vision.

I. INTRODUCTION

N the digital era, biometric authentication, particularly

vein recognition [1]-[4], has become a cornerstone of
security due to its unique internal, spoof-resistant, and privacy-
preserving vascular patterns. While deep learning architectures
have significantly enhanced discriminative performance, their
efficacy remains constrained by a persistent “small-sample”
dilemma inherent in biometric acquisition. To mitigate this data
scarcity, researchers extensively employ data augmentation [5]—
[9] (DA). However, most studies inherit strategies optimized
for natural images, often overlooking the fundamental mor-
phological differences between semantic objects and vascular
structures. This empirical transfer can be counterproductive,
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as aggressive transformations risk obliterating the delicate
topological and high-frequency details essential for identity
discrimination. These issues underscore a critical need for a
specialized evaluation framework.

Why do we call for a vein-specific augmentation bench-
mark? While advanced augmentation strategies [10]-[12] have
shown immense potential in natural image tasks, their direct
application to vascular biometrics remains poorly understood
due to the delicate and high-frequency nature of vein patterns.
Without a systematic evaluation, it is uncertain whether
complex augmentations, such as policy-based [5], [6], [13],
[14] or mixup-based [8], [15] methods, consistently serve as
superior alternatives to traditional ones across diverse neural
architectures like Convolutional Neural Networks [16] (CNNs)
and Vision Transformers [17] (ViTs). Moreover, a thorough
and standardized assessment of how these techniques affect
biometric fidelity is conspicuously missing in the community.
A benchmark is precisely the mechanism to establish such
an understanding, playing a pivotal role in driving research
progress by integrating an agreed-upon set of tasks, impartial
comparisons, and rigorous assessment criteria. However, there
has been a lack of a comprehensive benchmark for vein
recognition to facilitate unbiased comparisons and practical
deployment.

Why do we need an open-source vein augmentation
codebase? Notably, most existing data augmentation techniques
used in vein recognition are implemented with varied settings,
hyperparameters, and coding styles across different research
papers. This lack of standardization not only hinders user-
friendly reproduction and deployment but also imposes costly
trial-and-error on practitioners to determine the most effective
augmentation strategy for their specific biometric needs in
real-world applications. Hence, it is essential to develop a
unified vein representation learning codebase for standardized
data pre-processing, diverse augmentation module selection,
network architecture integration, model training, and empirical
analysis. Such a platform would bridge the gap between
theoretical research and practical implementation, fostering
further innovation in robust vein recognition systems.

In this paper, we introduce AGVBench, the first compre-
hensive benchmark specifically curated to rethink and evaluate
data augmentation strategies for vein recognition. Our work
addresses the existing knowledge gap by providing a rigorous
experimental framework and actionable insights. The primary
contributions of this research can be summarized as:

e We construct AGVBench, the first large-scale benchmark

for data augmentation in vein recognition, systematically
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Fig. 1. Comprehensive performance evaluation of various data augmentation and regularization methods. (a) Trade-off of Accuracy vs. Training Time. (b) The
fitting curve of accuracy and training epochs. (c) Generalization evaluation across various vein datasets and network architectures via radar charts.

evaluating 30 methods on five datasets and seven architec-
tures across six dimensions: recognition and verification
performance, calibration, corruption robustness, adversar-
ial robustness, occlusion robustness, and computational
efficiency.

o We reveal a critical accuracy-robustness trade-off: top-
performing mixup methods are simultaneously the least
well calibrated and most adversarially fragile, demon-
strating that accuracy-centric evaluation is insufficient for
assessing biometric augmentation.

o We establish a standardized experimental protocol and
release our complete library to the community. This serves
as a foundational resource for facilitating reproducible
research and guiding the design of more robust, vein-
specific augmentation pipelines.

II. BACKGROUND AND RELATED WORKS
A. Problem Formulation

The core objective of vein recognition is to learn a
discriminative mapping function that projects raw vascular
patterns into a high-dimensional feature space for identity
verification. Let X = {z; | ; € REXWXCIN denote the
input space of vein images, where H, W, and C represent
the height, width, and the number of channels, respectively.
Although raw near-infrared vein images are typically grayscale
(C = 1), C is retained to accommodate standard backbone
architectures that may duplicate channels for compatibility. Let
Y ={1,2,..., K} be the discrete label space, where K is
the total number of identity classes. A typical vein dataset
containing N samples is defined as D = {(=;,y;)}Y,, where
z; € X and its corresponding label y; € ).

The goal is to optimize a deep neural network fy(-), where
0 denotes the learnable parameters of the model. We aim to
minimize the empirical risk:

N
R(0) = %Zﬁaz(fa(mi)ayi), (1)
=1

where Lcg(-) represents the standard Cross-Entropy loss
function. For a sample (x;,y;), it is formulated as:

Leg(fo(xi),yi) = —log (fo(xi)y,), 2

However, in the “small-sample” context of AGVBench, the
empirical distribution of D is a sparse approximation of the true
distribution P(X,)). To bridge this gap, here we introduce

a generalized augmentation policy A that generates virtual
samples (Z,§) from the vicinity of the original training data
(x,y). Since a practical training pipeline implicitly incorporates
both original and synthesized data (e.g., by treating the identity
mapping as a subset of .4), the augmented training objective
can be rigorously formulated by conditioning the augmentation
distribution on the original empirical distribution:
minEe y)p (B gna@yLee(fo(@),9)] . G
Here, policy A acts as a specific conditional data augmentation
mapping, and different designs of this mapping can significantly
alter the distribution of vein features in the latent space.

B. Data Augmentation

Data augmentation techniques artificially expand dataset di-
versity to enhance model generalization and robustness, broadly
encompassing Single Image Augmentation, Multi-Image Aug-
mentation, and Label Enhancement. Single-image augmentation
methods apply various transformations to individual training
samples. These approaches have evolved from foundational
geometric and pixel-level perturbations to advanced strategies
that force networks to learn globally distributed features via
spatial occlusion [7], [18]. To address the suboptimal nature
of manual designs, researchers leveraged search algorithms to
dynamically identify optimal transformation sequences [5], [6],
[13], while also developing sophisticated operations such as
saliency-guided [19] and learnable transformations [14]. To
expand the virtual sample space, multi-image augmentation
methods construct smoother decision boundaries by blending
multiple images and interpolating their corresponding labels.
This paradigm originated from global linear interpolation
across sample pixels [8], and was refined by spatial mask-
based cutting and pasting to preserve local structural integrity
while blending [9], [15], [20], [21]. To prevent the loss of
critical foreground information, subsequent works incorporated
saliency-guided priors [22], [23] and automated end-to-end
adaptive mixing frameworks [10], [11]. Beyond manipulating
visual inputs, label enhancement approaches alleviate model
overconfidence by directly regularizing the training targets.
The methodology has evolved from applying static uniform
softening to one-hot vectors [24], [25], to generating adap-
tive dynamic soft labels using historical predictions [26] or
parameterized distributions [27].
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Fig. 2. Visualization of various data augmentation techniques applied to a sample vein image. The original (Vanilla) image is shown alongside standard single
image transformations (top row) and advanced image mixing strategies (bottom row).

C. Advanced Vein Recognition

Due to the strong absorption of near-infrared light by
hemoglobin, infrared imaging captures highly discriminative
vein patterns for biometrics [3]. However, the fine-grained
nature and topological sensitivity of vein structures make robust
feature extraction particularly challenging.

Early vein recognition primarily relied on traditional methods,
based on hand-crafted feature extractors [28]-[30] or traditional
machine learning algorithms [4], [31], [32]. Despite their
computational efficiency, these heuristic-driven approaches
heavily depend on prior knowledge. Consequently, they exhibit
limited representational capacity and robustness against image
noise, spatial misalignment, and complex backgrounds, leading
to their gradual obsolescence in tackling real-world modality
degradations. To overcome the bottlenecks of manual feature
engineering, deep learning has been widely adopted due to its
powerful end-to-end automated representation learning capabil-
ities. Deep learning-based methods can automatically extract
profound, highly discriminative features directly from raw
pixels. Besides optimizing system security [33] and lightweight
architectures [34], deep learning-based vein recognition meth-
ods primarily focus on improving feature representation. To
address the complex topological branches of blood vessels,
recent network architectures emphasize extracting structure-
aware information. These methods typically incorporate atten-
tion mechanisms [1] or adaptive spatial modeling components
[2]1, [3], [35] to capture fine-grained geometric features, thereby
improving the generalization performance of the model.

Nevertheless, the superior performance of deep neural
networks is inherently contingent upon massive amounts of
training data. Constrained by the requirement for specialized
infrared capture devices and privacy concerns, existing publicly
available vein datasets are generally small-scale and lack sample
diversity. This severe data scarcity easily causes heavily param-
eterized deep models to overfit. Consequently, investigating and
applying effective data augmentation techniques to artificially
expand dataset scale and feature boundaries has become crucial
for unlocking the full potential of deep learning and building
highly robust vein recognition systems.

III. AGVBENCH: BENCHMARK DESIGN

This section introduces the AGVBench framework design
from five aspects: supported augmentation methods, back-
bone models, datasets, evaluation protocol, and the exper-

imental pipeline of the codebase. AGVBench provides a
unified framework implemented in PyTorch and built upon
the OpenMMLab Computer Vision Foundation (MMCYV)
ecosystem for model design, training, and evaluation. We
start with the overview of the composition of AGVBench.
As illustrated in Fig. 3, AGVBench is decoupled into mul-
tiple modular components, including model architectures
(.agvbench.models.backbones), data preprocessing
pipelines (.agvbench.datasets), augmentation methods
(.agvbench.models.augments), and execution scripts
(.tools). Vision models are divided into standard building
blocks (e.g., necks and heads) in . agvbench.models. This
enables researchers to easily construct and modify models by
combining different components through centralized configu-
ration files in .configs. Consequently, users can readily
customize specific vein recognition pipelines and training
strategies. The detailed benchmarking configurations and
theoretical designs are discussed in the subsequent subsections.

A. Augmentation Schemes

Single Image Augmentation Methods: Single-image aug-
mentation schemes incorporate methods ranging from basic
operations to policy-driven methods. Basic operations perform
foundational geometric and photometric perturbations, includ-
ing Flip, Rotate, Affine Transformation (Trans.), Blur, and
Noise. Additionally, to evaluate regional spatial robustness,
Cutout [7], RandomErasing [18], and GridMask [36] implement
hand-crafted spatial occlusion and dropping policies. Policy-
driven methods, such as AutoAugment [5], RandAugment [6],
and TrivialAugment [13], use predefined search spaces to
discover optimal augmentation policies. Furthermore, advanced
dynamic and domain-adaptive strategies are integrated, where
TeachAugment [14] and KeepAugment [19] apply importance-
guided or teacher-guided transformations, while YOCO [37],
SoftAugment [38], and RQ [39] perform structural and feature-
level augmentations specific to complex visual patterns.

Multi Image Augmentation Methods: Multi-image aug-
mentation methods involve cross-sample feature interaction and
label interpolation. Foundational methods like MixUp [8] per-
form global pixel-level or feature-level convex interpolation. To
preserve local structural integrity, CutMix [15], ResizeMix [40],
GridMix [20], and RICAP [21] implement hand-crafted spatial
cutting and pasting policies. FMix [41] utilizes Fourier-guided
cutting masks to blend frequency domain representations. To
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Fig. 3. Overview of the AGVBench codebase framework. Built upon PyTorch and MMCYV, the framework is structured into four functional modules: (1)
.agvbench for data pipeline and model component registration; (2) .configs for centralized hyperparameter and experimental setup; (3) .tools for
distributed training execution and comprehensive metric evaluation; and (4) .work_dirs for storing training logs, model weights, and analysis results.

further optimize the mixing regions, SaliencyMix [22] and
GuidedMixup [12] apply saliency-guided and attention-guided
cutting, respectively, ensuring the preservation of critical fore-
ground textures. Some dynamic approaches like PuzzleMix [23]
utilize optimal transport-based alignment before interpolation.
Moreover, the latest automated blending mechanism, like
StarMixup [9], performs end-to-end online-optimizable mixing,
dynamically adapting the blending policy to the current training
state of the model.

Label Enhancement Methods: Regarding label enhance-
ment, AGVBench implements methods that directly manipulate
the target probability distributions to mitigate model overcon-
fidence. LabelSmooth [24] and ConfidencePenalty [25] apply
static, hand-crafted uniform distribution softening to the ground-
truth vectors. To mitigate the impact of potentially noisy anno-
tations and leverage self-guided learning, Bootstrapping [42]
dynamically updates the training targets by blending the original
hard labels with current predictive distributions of the model.
OnlineLabelSmooth [26] performs dynamic label updating
based on the statistical distribution of historical predictions.
Furthermore, DirichletLabelSmooth [27] exploits parameterized
Dirichlet distributions to generate dynamic soft labels, adapting
the regularization intensity through training optimization. These
label-level strategies provide critical calibration when deep
architectures fit highly complex biometric features.

B. Backbones

To evaluate how augmentations influence backbone architec-
tures, AGVBench incorporates two representative models: clas-
sic visual backbones and domain-specific vein recognition mod-
els. For the first category, we select models spanning both CNN's
and ViTs. Specifically, we employ MobileNetv2 (Mobv2) [43]
as a representative of lightweight CNNs, ResNet18 (R18) [16]
for standard residual learning, and ViT-small (ViT-S) [17]
along with Swin Transformer-Tiny (Swin-T) [44] to evaluate
global and hierarchical attention mechanisms, respectively. In
parallel, we evaluate domain-specific architectures tailored
for vein pattern extraction, namely FVRASNet (FVN) [33],
AMPVNet (APN) [2], and StarLKNet-S (SLN-S) [9], which
possess specialized priors for biometric recognition.

00 @ config.py

# define dataset config file path
_base_ = "path/dataset_config_file.py"

# model settings
model = dict(

type="", classification method
aug_mode="", augmentation method
aug_args=dict(...), augmentation configs

backbone model
classification head

backbone=dict(...),
head=dict(...)

H o H H W

)

# training setups
optimizer=dict(...)
runner=dict(...)
other_config=dict(...) #

I+

optimizer settings
runtime settings
e.g., lr scheduler

I+

® L execution.sh
Python ./tools/train.py config.py # train
Python ./tools/test.py # test

Fig. 4. Experimental pipeline in AGVBench codebase. The workflow
is configuration-driven, where users define all experimental settings in a
config.py file before running the standardized execution scripts.

C. Datasets

AGVBench benchmarks 5 vein identification datasets, in-
cluding two vascular modalities, to facilitate cross-domain
validation. Specifically, three palm vein datasets, namely
SCUT1100 [2], TIU600 [45], and VERA220 [46], and two
finger vein datasets, namely FV-USM [47] and SDUMLA-
HMT [48], are selected. These datasets exhibit significant
changes in sensor hardware, environmental lighting, and image
quality, providing a challenging scenario for testing the adaptive
capabilities of different augmentation operators. The details of
these vein datasets are given in Section IV-A.

D. Evaluation Protocol

Performance Metrics: To quantitatively evaluate the recog-
nition performance and the robustness of the learned feature
representations, we employ three primary metrics: Top-1
Accuracy (Acc.), Equal Error Rate (EER), and True Acceptance
Rate at a False Acceptance Rate of 10~4 (TAR@FAR=0.0001).
Accuracy measures the proportion of correctly identified
samples among the total test queries, reflecting the basic
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TABLE I
ToP-1 ACCURACY (%)T, EER (%)], AND TAR@FAR (T@R)=0.0001 (%)1 OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS ON VERA220.

VERA220 R18 Mobv2 FVN APN SLK-S
Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F

Vanilla 7145 520 51.00 7155 594 47.18 59.73 638 3591 7400 395 57.18 7027 546 4455
Flip 6755 627 4255 6727 640 4382 5109 1098 1936 6673 471 4682 6345 731 3527
Rotate 6327 754 3773 6300 877 4336 5055 1090 1945 6655 749 3727 6036 9.34 3745
Translation 6400 733 4282 6545 821 4145 5100 1107 2227 66.64 593 4427 6400 828  38.82
Noise 68.82 539 4464 6973 582 4964 39.64 1427 700 7000 444 5045 6845 646 3945
Cutout [7] 7055 533 5045 6755 635 4891 5282 1006 2573 7273 545 5427 6536 6.66 47.18
GridMask [36] 66.00 815 4055 6845 645 4482 37.09 1455 1000 6036 826 4191 5755 1056 29.73
RandomErasing [18] 6273 720 4400 69.82 617 4773 4873 1207 18.09 7445 3.66 5445 68.18 625 4291
RandomQuant [39] 8191 191 6500 8209 298 6255 4036 9.63 818 8127 339 6555 7873 272 6145
AutoAugment [5] 80.82 255 65.09 7691 333 5973 5555 727 2445 80.00 287 6445 7945 283 6291
RandAugment [6] 7491 347 5673 82.09 2.66 6891 36.18 11.69 891 7664 308 6091 84.18 194  65.64
KeepAugment [19] 7436 510 5273 7082 596 4700 6045 645 3236 7582 418 5109 6827 493 4255
Trivial Augment [13] 87.36 152 7482 8245 199 7045 57.64 726 2045 87.64 181 80.64 8445 245 7036
TeachAugment [14] 69.27 484 458 59.82 9.1 36.64 5127 971 22.64 5855 1146 53.00 6518 778  29.64
SoftAugment [38] 67.18 658 4564  69.82 577 4700 5645 848 2727 7555 391 5636 6927 549  45.00
YOCO [37] 6473 852 2773 68.00 1007 33.82 4373 1472 1191 7455 7.3 3418 6355 846 3445
RICAP [21] 7864 473 5991 7073 655 4645 4082 1115 11.82 71.82 530 5127 6536 854  41.09
MixUp [8] 9527 091 9227 9555 0.87 9373 80.73 3.4 59.64 95.64 074 9345 9455 0.87 9118
CutMix [15] 8473 292 7400 7736 449 60.00 51.64 838 20.64 81.18 274 69.82 7636 624  58.09
FMix [41] 81.64 336 6436 7555 4.65 5845 56.18 7.89 2727 8164 3.17 71.09 7064 7.10 5173
GridMix [20] 7809 387 61.82 7509 470 57.55 4245 1137 1227 7336 482 5227 6845 883  48.64
ResizeMix [40] 83.00 356 7027 7582 489 63.09 51.18 9.62 13.18  81.18 3.37 68.00 7036 7.19 48.27
SaliencyMix [22] 8336 2.80 7245 79.09 3.64 61.55 5500 7.64 2591 8218 312 7200 7345 673 5891
PuzzleMix [23] 9555 083 9336 9591 083 9145 7636 355 51.18 9436 1.08  89.73  92.00 1.26  86.27
GuidedMixup [12] 6609 7.19 4445 6973 654 4427  — - — 6573 29.64 064 6927 629 4436
StarMixup [9] 9491 096 9227 9264 111 8755 8345 262 6782 9627 071 9291 93.09 116 89.73
LabelSmoothing [24] 82.64 254 6609 7591 488 5527 67.09 535 4791 8991 219 7600 7200 528 46.09
OnlineLabelSmooth [26] 74.82 424 5491 70.18 5.08 50.00 6336 591 3373 80.00 350 6382 73,55 515 4891
ConfidencePenalty [25] 7073 482 5227 70.82 572 4991 61.18 680  34.09 7464 336 5327 6645 781  39.00
DirichletLabelSmooth [27] 83.82 2.76 64.82 7745 426 5582 066.64 4.82 4482 9145 211 8118 71.09 557 39.64
Bootstrapping [42] 65.64 6.63 4273 5255 1099 2455 6155 676 3336 7645 359 5582 43.00 13.55 1236

classification capability of models. Considering that biometric ~ confidence of each bin:

verification is essentially a threshold-dependent matching task, o

we adopt EER as a more rigorous criterion, defined as the ECE — Z %‘ Acc.(By) — Conf.(By)|. @)

point where the False Acceptance Rate (FAR) equals the n

False Rejection Rate (FRR). A lower EER indicates a better
balance between general security and convenience. Furthermore,
to evaluate the reliability under highly stringent security
scenarios of models, we report TAR@FAR=0.0001. This metric
specifically highlights the capacity of the system to recognize
genuine users while strictly suppressing impostors, signifying
superior discriminative power in the embedding space.

Robustness Evaluation: To comprehensively assess the
reliability and robustness of vein recognition models in real-
world complex scenarios, AGVBench integrates a multi-
dimensional robustness evaluation suite. We introduce these
evaluations as follows.

1) Calibration: In biometric security systems like vein
recognition, a well-calibrated model is crucial because the
output probability should reliably reflect the likelihood of
a correct match. However, modern deep neural networks,
while highly accurate, often suffer from overconfidence, where
the predicted probabilities are systematically higher than the
actual precision, particularly when trained with intense data
augmentations. To quantitatively assess this, we adopt the
Expected Calibration Error (ECE) as the primary metric. The
ECE partitions the predictions into M equally spaced bins
(e.g., M = 10) based on their confidence scores and calculates
the weighted average of the gap between accuracy and average

m=1

where 7 is the total number of samples and | B,;, | is the number
of samples in the m-th bin. In our benchmark, we investigate
how different augmentation strategies affect model calibration.

2) Corruption: In practical deployments, vein recognition
systems frequently encounter unpredictable environmental
and sensor-induced degradations. Therefore, the corruption
evaluation aims to explore the robustness and generalization
of models against these out-of-distribution image distortions.
Following previous works [10], [11], [49] and the robustness
evaluation protocol of ImageNet-C [50], our benchmark imple-
ments a suite of 19 distinct corruption methods, including
various degradations such as Gaussian noise and motion
blur. Our experiments (Full results in Tables XIV and XIII)
reveal a critical vulnerability: existing vein recognition models
suffer catastrophic performance collapse even at the lowest
severity level (C3). We hypothesize that this sensitivity arises
because even minor corruptions are sufficient to obliterate the
fine-grained topological textures of veins that are essential
for accurate identity inference. Consequently, to enable a
more granular and meaningful assessment, we expanded the
evaluation spectrum by introducing two novel, lower-intensity
severity levels (C1/C2) specifically tailored to the fragility of
vein patterns.
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TABLE II
TopP-1 ACCURACY (%)71, EER (%)), AND TAR@FAR (T@R)=0.0001 (%) OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS ON TJU600.

TIU600 R18 Mobv2 FVN APN SLK-S ViT-S Swin-T
Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F
Vanilla 85.55 1.72 81.23 80.33 2.68 74.80 64.33 5.31 4883 75.02 3.76 6691 7695 4.78 57.05 61.77 5.73 46.76 76.55 2.83 66.06
Flip 79.50 2.75 73.55 76.15 3.65 69.18 66.83 7.16 45.85 69.68 4.91 59.46 73.80 5.79 49.81 58.58 6.48 42.81 71.90 3.71 61.90
Rotate 8275 1.86 77.83 79.75 3.06 73.75 59.58 583 46.26 7397 398 6556 7530 4.09 58.61 64.85 498 51.78 7555 291 6575
Translation 85.67 1.76 81.73 81.52 276 75.85 63.57 4.95 50.58 78.07 3.58 71.78 77.30 3.76 58.11 65.87 4.85 52.66 76.13 2.60 67.36
Noise 85.17 2.38 77.61 81.28 2.86 75.88 59.90 6.08 44.13 73.87 391 64.11 80.03 2.63 73.61 59.70 6.01 4491 67.30 4.61 53.83
Cutout [7] 87.38 1.35 84.35 81.38 246 7453 6595 4.38 53.03 80.53 2.53 74.45 78.00 2.98 69.75 67.88 3.85 56.13 79.93 2.08 72.00
GridMask [36] 81.82 222 73.63 77.73 3.18 69.58 56.52 6.28 36.56 69.45 4.39 57.73 7520 3.51 6526 61.68 4.64 47.75 73.75 3.00 63.45
RandomErasing [18] 87.37 1.56 83.68 82.92 2.69 77.53 6343 494 4970 78.77 291 72.11 78.23 4.21 5870 64.53 4.61 52.05 77.53 2.58 68.55
RandomQuant [39] 82.82 2.56 78.16 80.33 3.03 74.68 62.83 596 47.80 70.58 520 61.35 83.82 2.01 78.85 68.70 3.66 57.55 56.32 6.50 40.85
AutoAugment [5] 88.28 1.59 85.23 85.93 2.00 82.03 62.93 578 48.06 77.17 3.83 70.08 86.43 1.88 83.55 63.33 5.25 48.05 80.82 2.12 74.05
RandAugment [6] 87.78 1.50 85.00 82.85 2.76 77.65 66.83 4.77 53.33 80.12 3.12 74.86 86.27 2.03 76.71 71.25 3.58 61.05 81.12 2.19 74.46
KeepAugment [19] 85.17 1.86 80.73 81.88 2.89 7691 6392 5.16 50.35 7580 4.22 68.38 79.70 2.63 73.36 6295 570 48.71 76.67 2.71 67.83
TrivialAugment [13] 89.23 1.18 87.78 86.45 1.93 83.40 69.23 4.63 56.65 79.97 3.00 74.55 84.97 2.70 73.73 70.40 4.01 59.98 82.02 2.09 76.21
TeachAugment [14] 81.48 2.84 77.28 7520 494 69.75 42.68 9.56 23.13 60.28 10.63 51.95 7047 6.28 63.25 7250 3.68 62.43 8142 1.85 74.88
SoftAugment [38] 84.83 1.52 80.96 81.78 2.70 7598 64.12 5.03 50.61 76.13 3.51 69.50 77.52 2.94 70.11 63.42 548 49.21 76.53 2.60 66.70
YOCO [37] 81.45 270 73.28 82.52 2.03 77.56 62.48 553 48.26 80.10 3.09 75.03 80.00 2.46 73.86 61.50 5.48 49.90 68.83 3.68 57.60
RICAP [21] 87.60 1.47 8297 84.17 2.03 77.17 63.85 529 4840 69.77 5.01 57.73 87.18 1.77 82.88 53.13 13.47 41.80 61.73 6.87 48.65
MixUp [8] 93.90 0.84 92.51 93.10 1.04 90.98 78.32 3.36 67.70 91.80 1.43 89.85 94.70 0.68 92.73 81.12 2.68 74.40 90.87 1.18 88.21
CutMix [15] 9297 0.79 91.16 91.98 1.00 8943 70.15 4.42 5841 85.68 224 80.75 91.20 0.99 88.55 6823 6.68 58.68 7595 3.56 67.81
FMix [41] 93.13 0.86 90.01 89.30 1.33 85.25 70.48 4.44 5495 8242 2.66 76.10 87.82 1.46 83.45 6540 691 5486 81.08 2.31 73.73
GridMix [20] 86.88 1.58 83.16 86.37 1.88 81.70 44.47 9.11 24.03 80.33 2.71 75.75 84.58 2.13 80.45 6693 06.51 56.76 77.03 3.50 67.51
ResizeMix [40] 92.85 0.79 90.96 91.38 0.95 88.76 70.60 3.88 58.58 84.67 238 7853 90.57 0.96 88.48 64.28 849 53.56 75.07 3.90 65.03
SaliencyMix [22] 92.80 0.85 90.73 91.27 1.02 88.13 70.40 4.50 5826 86.05 221 81.40 90.53 1.18 88.76 69.40 6.01 61.21 78.77 290 71.26
PuzzleMix [23] 95.25 0.46 94.45 94.63 0.66 93.80 77.97 296 69.13 89.92 150 86.86 96.02 0.40 9545 79.17 3.08 72.26 87.12 1.46 83.21
GuidedMixup [12] 77.45 4.58 69.81 74.98 4.50 67.90 36.03 14.55 18.70 70.78 6.52 61.87 80.65 2.82 74.62 65.97 7.53 51.23 7143 5.66 57.71
StarMixup [9] 93.68 0.74 91.66 9290 0.98 91.01 79.65 3.18 70.03 92.55 1.19 89.98 94.97 0.71 9298 78.77 3.23 70.20 90.98 1.18 88.31
LabelSmoothing [24] 94.88 0.84 93.71 90.23 1.58 87.11 7543 3.73 63.51 91.20 1.63 87.80 89.33 1.38 84.75 6598 4.64 51.56 86.15 1.51 79.68
OnlineLabelSmooth [26]  87.55 1.38 84.63 82.85 2.25 78.56 68.02 4.48 55.66 79.75 296 73.80 84.67 2.09 77.50 65.78 4.68 51.61 81.50 2.33 73.10
ConfidencePenalty [25] 86.17 1.90 81.48 80.45 299 73.85 6595 4.83 5221 76.23 3.73 67.41 79.65 2.76 71.83 62.78 5.48 4820 77.20 2.81 67.81
DirichletLabelSmooth [27] 94.83 0.72 93.73 91.08 1.78 87.68 76.63 3.66 64.21 91.42 1.93 87.95 90.20 1.28 85.48 66.18 4.71 51.80 86.50 1.64 79.70
Bootstrapping [42] 76.13 3.11 6743 6423 568 5320 3297 11.34 1556 76.50 3.94 68.76 66.97 4.83 5553 62.92 5.31 48.61 7693 271 67.68

3) Adversarial Attacks: To assess the robustness of security
and features in vein recognition systems under malicious pertur-
bations, we introduce a series of white-box adversarial attack
experiments. Specifically, we implement two representative
attack algorithms: FGSM [51] and PGD [52]. Considering the
low contrast of vein textures, we set the maximum perturbation
to e = 0.2/255 under the ¢, norm, which represents a
significant challenge for vein recognition. For the PGD attack,
we employ a step size of o = 0.05/255 and 10 iterations to
iteratively search for imperceptible perturbations within the
£ bound that maximize the classification loss and provoke
model misclassification.

4) Occlusion: In practical scenarios, vein patterns are
frequently obscured by sensor smudges or finger misalignment.
A robust biometric model must therefore leverage global
topological structures rather than relying on easily compromised
local patches. To systematically evaluate this fault tolerance, we
introduce a spatial occlusion assessment by randomly masking
continuous square regions in the input images with zero values.
Specifically, we vary the occlusion ratio (the masked area
relative to the total image dimensions) from 0% to 50% with a
2% increment, constructing 25 distinct test subsets. We evaluate
the performance with 10 augmentations on these subsets.

Efficiency Evaluation: We further evaluate the compu-
tational efficiency of the classifier integrated with various
augmentation strategies. We postulate that an ideal augmen-
tation approach should achieve a superior trade-off between
performance gain and resource consumption. To quantify this,
we employ three key metrics: training time occupancy (Tipin)
per epoch, peak memory footprint (Mpeqa), and computational

complexity measured in GFLOPs. We also consider the ratio
of extra learnable parameters, denoted as P,g, defined as
Py = %, where Piye and Pay, denote the number
of parameters of the vanilla backbone and the number of
parameters of the additional modules introduced by the
augmentation strategies, respectively.

To provide a holistic evaluation of these diverse augmentation
strategies, we introduce the Augmentation Performance and
Efficiency Excellence (APEX) score based on the principle of
Pareto Efficiency. Instead of an arbitrary weighted sum, we iden-
tify the Non-dominated solutions across the multi-dimensional
objective space (Performance, Tirin, Mpeak, GFLOPs, and Pyye)
as a multi-objective optimization problem.

Non-dominated augmentations are assigned Rank-1 APEX,
such that no other augmentation can improve one metric without
degrading at least one other. By iteratively removing Rank-1
individuals, the subsequent non-dominated sets are defined as
Rank-2 and higher. This ranking paradigm classifies methods
beyond pure accuracy based on their strategic location on
the efficiency-performance frontier and effectively eliminates
redundant methods with high computational costs but only
marginal performance gains.

E. Experimental Pipeline of AGVBench Codebase

As illustrated in Fig. 4, the experimental workflow of
AGVBench is structured to support the complete process
of vein recognition evaluations. The pipeline is primarily
controlled through configuration files located in .configs
directory. In these files, users specify the target dataset, data
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TABLE III
TopP-1 ACCURACY (%)71, EER (%)]., AND TAR@FAR (T@F)=0.0001 (%)?1 OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS ON SCUT1100.

SCUT1100 RIS Mobv2 FVN APN SLK-S ViT-S Swin-T

Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F
Vanilla 96.05 030 9730 9527 032 96.80 9296 059 94.12 9420 055 9543 93.96 049 9530 7642 2.56 72.60 94.07 0.36 95.80
Flip 94.89 041 96.05 93.44 0.56 94.85 92.60 0.66 93.80 92.07 0.70 92.85 91.65 0.78 9294 67.55 3.90 60.90 93.67 0.43 95.03
Rotate 95.05 0.42 96.34 94.53 0.51 95.89 89.91 0.99 90.63 93.07 0.59 94.16 93.38 0.56 94.63 7429 2.73 69.87 93.87 0.45 95.58
Translation 95.60 0.32 97.05 9484 046 9621 9145 072 9240 9453 0.54 9585 93.05 0.63 9469 7596 2.87 71.85 9502 0.34 96.16
Noise 88.65 0.96 89.00 94.62 0.40 96.07 85.87 1.40 8549 92.49 0.65 93.61 93.73 043 9521 7240 3.54 66.52 90.56 0.74 91.41
Cutout [7] 86.89 1.05 85.83 80.67 1.67 77.41 90.05 0.85 89.78 91.02 0.69 91.70 84.45 1.27 83.50 82.71 1.72 80.70 94.22 0.41 95.69
GridMask [36] 85.80 1.42 81.61 84.13 2.11 76.40 79.80 2.16 7221 81.35 2.36 68.14 80.65 2.09 73.89 71.07 2.87 64.47 88.49 092 88.69
RandomErasing [18] 96.00 0.30 97.34 9471 039 96.16 91.35 0.76 92.10 9500 0.40 96.12 9387 048 0525 7504 2.54 7140 94.76 036 96.36
RandomQuant [39] 95.64 040 97.01 9527 041 9645 8449 1.69 8294 9258 0.71 9372 9524 043 96.67 84.82 1.34 83.78 92.25 0.52 93.29
AutoAugment [5] 9695 0.25 98.25 9589 034 9729 9293 0.67 9429 9335 054 94.94 9565 032 97.03 85.58 125 85.09 9638 0.20 97.92
RandAugment [6] 9736 024 98.47 96.82 0.23 97.96 9478 044 9641 9478 047 96.09 97.09 0.23 9829 87.71 1.00 87.92 9629 020 98.03
KeepAugment [19] 05.80 0.32 9712 9491 044 9610 9289 0.66 9392 9393 0.67 9507 9400 043 9560 76.76 2.54 7296 94.67 0.36 96.18
Trivial Augment [13] 97.82 0.18 98.83 9673 027 9820 95.11 039 96.56 9522 043 96.63 9620 031 97.60 86.89 1.10 8672 96.58 0.17 98.09
TeachAugment [14] — — — 7944 201 7465 — - 49.09 698 3294 — — — 8842 1.05 88.43 9645 0.18 97.94
SoftAugment [38] 95.42 0.40 96.98 94.56 0.47 9594 9231 0.70 93.49 9398 0.45 9543 94.02 0.50 94.96 7536 2.81 70.50 93.87 0.45 95.25
YOCO [37] 92.15 3.34 50.03 78.02 2.63 69.85 82.02 7.61 42.63 84.96 8.14 19.90 74.60 46.47 0.00 7531 247 7145 92.04 0.56 93.54
RICAP [21] 98.05 0.20 98.84 95.73 0.45 9598 85.62 1.97 8120 93.07 0.85 92.51 97.56 020 98.40 80.93 2.35 77.25 93.13 0.77 93.73
MixUp [8] 99.00 0.07 99.63 98.98 0.08 99.56 97.22 0.25 97.98 97.80 0.23 98.47 99.02 0.05 99.60 9242 0.74 92.67 98.87 0.07 99.63
CutMix [15] 98.76 0.10 99.41 9749 025 9823 9422 048 94.90 96.60 038 97.78 9825 0.11 9927 89.11 109 8878 97.60 0.14 98.72
FMix [41] 9849 0.10 9938 9665 029 97.76 9520 048 9620 95.49 045 96.43 97.16 0.18 9829 82.78 1.78 80.98 97.47 0.10 98.85
GridMix [20] 97.73 0.22 9834 9618 034 9723 9240 077 92.61 9351 067 9458 97.24 021 98.09 8547 1.52 84.07 9591 027 97.43
ResizeMix [40] 98.45 0.08 9921 9751 0.16 9827 9471 0.58 9534 9620 041 97.32 9807 0.11 98.90 83.62 192 81.69 96.87 0.20 98.25
SaliencyMix [22] 98.60 0.09 99.41 97.82 0.18 98.69 9475 056 95.54 9658 031 97.50 9833 0.09 9921 89.78 0.96 89.98 97.49 0.12 98.69
PuzzleMix [23] 99.13 0.10 99.43 98.84 0.14 9929 9638 041 96.94 9725 038 97.74 98.96 0.11 9950 92.00 0.81 9196 98.07 0.16 98.87
GuidedMixup [12] 99.35 0.07 9975 99.15 0.06 99.73 9691 026 97.84 9791 029 98.56 99.05 0.09 99.58 9245 0.76 92.85 92.85 0.47 94.10
StarMixup [9] 9925 0.07 9970 99.11 0.08 99.61 9695 033 97.70 98.00 026 98.65 98.93 0.12 9945 91.38 0.89 91.94 98.78 0.07 99.49
LabelSmoothing [24] 9835 018 98.81 9678 031 97.45 9638 039 96.90 97.78 030 9821 9627 029 97.25 77.45 2.76 7278 97.16 023 97.50
OnlineLabelSmooth [26] 9729 018 9836 95.85 0.27 97.16 9533 041 96.63 96.02 036 97.00 9575 0.29 9681 78.04 2.05 74.50 9598 025 97.45
ConfidencePenalty [25] 96.05 0.32 97.40 94.69 0.48 96.16 92.65 0.63 93.54 94.04 0.48 95.60 93.95 0.53 9525 76.15 270 72.43 94.65 0.38 96.16
DirichletLabelSmooth [27] 98.45 0.16 98.94 96.85 032 97.41 96.56 045 97.05 97.84 029 9823 9695 032 97.60 77.78 2.74 73.18 9689 0.19 97.60
Bootstrapping [42] 0447 051 9567 85.16 154 8438 9276 0.64 94.18 9456 041 9580 88.76 1.03 8889 7682 2.67 7290 94.67 0.34 96.20

augmentation methods, backbone architecture, and training
hyperparameters. During initialization, the framework reads
these configurations and instantiates the required components
from .agvbench.models, which maintains a registry of
backbones, classification heads, and loss functions. The data
pipeline is also built automatically according to the specified
dataset format. For the execution phase, .tools directory
provides scripts for both single-node and distributed training.
It also includes specific evaluation utilities to extract feature
embeddings and calculate verification metrics such as the Equal
Error Rate (EER). Finally, the repository is accompanied by
basic documentation and baseline results to assist researchers
in reproducing the benchmarks or integrating new algorithms.

IV. EXPERIMENTS AND RESULTS

In this section, we present the experimental evaluation
conducted using the AGVBench framework. We first detail
the experimental setup, including dataset configurations, im-
plementation details, and training hyperparameters. Next, we
report the baseline performance of the selected general and
specialized backbone architectures on multiple public vein
datasets. Subsequently, we systematically analyze the impact of
various data augmentation strategies on model generalization
and robustness. For all experiments, we reported accuracy
using the median of the last 10 epochs and marked the best
and second-best results in bold and underlined, respectively.
Results worse than the Vanilla are marked in gray. The best
result in each column is marked with the blue background.

A. Experimental Setup

Dataset Information: We evaluate the methods on 5 vein
datasets: (1) For palm vein datasets, VERA220 [46] comprises
110 subjects with 10 samples each (2,200 images), where 5
images per subject are used for training and 5 for testing. It is
acquired in open environments with slight pose variations and
ambient light interference. TJU600 [45] contains 300 subjects
and 40 samples per subject (12,000 images), from which 10
images per subject are allocated for training and 10 for testing.
This dataset is collected across two sessions in a semi-enclosed
space with diverse hand postures and illumination conditions.
SCUT1100 [2] includes 550 subjects with 20 samples per
subject (11,000 images), partitioned into 5 training and 5
testing images per subject, captured in unconstrained dynamic
scenarios with obvious out-of-plane rotation and grayscale
variations. (2) For finger vein datasets, FV-USM [47] has 123
subjects and 12 samples per subject (1,476 images) from two
collection sessions, evenly split into 6 for training and 6 for
testing to evaluate temporal intra-class robustness. SDUMLA -
HMT [48] involves 106 subjects with 36 samples per subject
(3,816 images), providing multi-finger vein data with rich
variations in finger placement and orientation, where 4 images
per finger class are used for training and 2 for testing.

Implementation Details: All experiments are implemented
within the proposed AGVBench framework, which is built
upon PyTorch and the MMCYV ecosystem. During the data
preprocessing stage, all input vein images are resized to a
unified resolution of 224 x 224 to ensure compatibility across
all selected backbone architectures. The models are trained
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TABLE IV
Top-1 ACCURACY (%)T, EER (%)), AND TAR@FAR (T@F)=0.0001 (%)1T OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS ON FV-USM.

FV-USM R18 Mobv2 FVN APN SLK-S

Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F
Vanilla 3852 1626 19.58 4350 13.62 2466 29.00 21.69 14.84 69.61 491 5274 3642 17.69 1843
Flip 36.45 16.19 21.04 41.16 1525 2249 23.14 2480 7.72 6196 7.8 4126 30.12 20.09 1297
Rotate 3452 16.87 20.19 37.74 1643 21.54 2543 2500 1040 46.14 1346 27.17 3045 19.17 17.07
Translation 31.44 1941 17.14 3635 15.65 21.88 24.16 2239 1446 55.10 8.81 3540 3648 18.66 19.38
Noise 40.07 1483 18.12 4875 1257 2741 31.03 20.18 1474 6626 586 4881 41.87 14.66 2236
Cutout [7] 46.85 1439 2774 4536 1534 2571 3567 1941 1833 5650 924 3831 4485 1574 29.17
GridMask [36] 2745 21.13 1433 3354 1794 1650 1750 2543 11.79 40.89 1632 20.05 2832 23.13 11.79
RandomErasing [18] 39.74 1622 21.82 4638 1415 27.07 3025 2132 1518 67.11 576 5271 3892 1771 2093
RandomQuant [39] 80.35 322 6982 8259 287 73.04 6030 6.67 41.67 8374 265 7486 7334 397 5813
AutoAugment [5] 88.45 1.84 8530 8574 2.04 8093 5379 886 3391 92.14 139 9089 83.67 248 77.64
RandAugment [6] 9390 115 9350 9444 1.06 9465 7944 522 6734 9563 071 9580 9231 138 91.50
KeepAugment [19] 4129 1495 21.04 4963 1131 3262 3056 2022 1616 6734 579 5200 38.86 16.54 19.00
TrivialAugment [13] 92.21 126  91.12 9251 1.09 9133 7842 549 6531 9472 092 9455 89.80 135 87.53
TeachAugment [14] 25776 1921 1206 5842 9.83  40.65 2624 2131 928 4727 1545 4234 2835 4892  0.00
SoftAugment [38] 3930 14.16  23.17 4289 12,12 2388 29.17 1931 15.62 6457  6.10 4692 4262 1429 23.04
YOCO [37] 41.80 13.58 2500 4262 10.60 27.51 2831 2483 945 06606 529 4780 37.13 1453 21.04
RICAP [21] 58.81 10.03 4187 61.75 8.67 4699 31.06 22.15 938 5884 1033 4221 5373 1342 4143
MixUp [8] 86.75 358 8425 8730 345 8523 7459 387 6792 8286 474 80.18 86.14 383 83.03
CutMix [15] 61.42 1057 4993 59.76 9.72 4743 3821 2226 1785 8286 644 6460 5322 1457 42.82
FMix [41] 5129 14.03 3872 53.01 1026 3852 3625 21.14 1822 6829 724 5318 4627 1691 3157
GridMix [20] 42.04 17.22  30.18 4295 1534 3042 2826 2425 1440 5569  9.69  46.04 4177 17.55 26.66
ResizeMix [40] 5288 11.04 37.87 57.69 935 4499 3350 21.24 16.12 7121 530  57.05 4759 12.60 29.88
SaliencyMix [22] 6236 938 5224 60.67 1047 5027 3726 2321 16.60 7720 421 6541 5921 12.19 48.07
PuzzleMix [23] 87.20 336 8238 8835 299 8415 7219 4.13 5871 8442 383 7923 8736 325 8381
GuidedMixup [12] 2935 1850  24.09 40.72 1795 22,12 1652 2406 15.65 4871 1626 36.72  28.66  13.37  30.49
StarMixup [9] 8598 3.55 8276 86.89 3.62 8506 6938 481 4841 81.71 488 7741 8493 342 80.18
LabelSmooth [24] 6131 799 4746 5413 9.62 3828 4248 1589 2297 9397 098 88.14 4590 12.66 2825
OnlineLabelSmooth [26] 46.99 12.16 26.69 45.12 1355 28.01 31.00 2046 13.62 81.71 400 5647 4201 1623 23.07
ConfidencePenalty [25] 4499 13,59 2527 4549 1294 30.08 30.79 20.59 1440 68.12 545 5129 4201 1493 21.75
DirichletLabelSmooth [27]  59.38  9.31  44.58 5122 10.61 3506 43.60 1690 2249 93.60 1.06 8845 52.64 10.94 33.71
Bootstrapping [42] 2836 2096 1470 25.10 18.60 15.65 17.52 2270 1240 68.12 576 51.76 2654 19.10 17.14

from scratch without relying on external pre-trained weights.
All benchmarking experiments are conducted on a workstation
equipped with a single NVIDIA A100 GPU.

Training Settings: For ResNetl8, MobileNetv2, and
StarLKNet-S, we employ the SGD [53] optimizer with an initial
learning rate of 0.01. For FVRASNet, AMPVNet, ViT-S, and
Swin-T, we utilize the AdamW [54] optimizer with an initial
learning rate of 0.001 and a weight decay rate of 0.01. Across
all configurations, the learning rate is dynamically decayed
using a cosine annealing schedule, gradually decreasing to a
minimum learning rate of 0 by the end of the training process.
All models are trained for 600 epochs with a batch size of 32.

B. Results of Vein Recognition

Accuracy: Across the five evaluated datasets, multi-image
augmentation methods (MixUp, PuzzleMix, StarMixup) consis-
tently dominate Top-1 Accuracy, particularly on palm vein
datasets. For instance, as shown in Table I, MixUp and
PuzzleMix on VERA220 using ResNetl8 achieve 95.27%
and 95.55% respectively, yielding substantial gains over the
Vanilla baseline (71.45%). However, augmentation efficacy
exhibits strong modality dependence. On the finger vein
dataset SDUMLA-HMT (Table V), MixUp degrades ResNet18
accuracy to 79.87% (vs. 84.51% baseline), whereas automated
policies like RandAugment excel (89.70%). Conversely, basic
single-image geometric transformations (Flip, Rotate, Translate)
frequently degrade performance below the baseline across most

datasets, confirming that aggressive spatial operations easily
disrupt the delicate topological structure of vascular patterns.

EER and TAR@FAR=0.0001: Strict biometric verification
metrics reveal even more pronounced performance gaps. Mixup
augmentations drastically reduce the EER and elevate the True
Acceptance Rate (TAR). On SCUT1100 (Table III), MixUp
reduces the ResNet18 EER from 0.30% to 0.07% and boosts
TAR@FAR=0.0001 from 97.30% to 99.63%, highlighting its
superiority in refining inter-class boundaries even on already
saturated large-scale datasets. Similarly, on VERA220 (Table I),
MixUp boosts TAR from 51.00% to 92.27%. These results
demonstrate that rigorous threshold-dependent metrics like
TAR@FAR underscore the necessity of advanced mixing
strategies for high-security real-world deployments. Figure 5
shows the ROC curves of 5 vein datasets using the ResNet18
model, and the results are shown in Appendix VI.

C. Results of Robustness

Beyond recognition performance, we evaluate robustness
across four complementary dimensions: calibration (Table XI),
corruption (Table XIII, Table XIV), adversarial attacking
(Table VIII, Table XII), and occlusion classification.

Calibration: Following the experiments of a lot of mixup
methods [10], [11], [55], [56], we evaluate some well-
performing vein classifiers with the calibration experiments,
which aim to identify the consistency between the predictive
confidence and the actual empirical accuracy of models.
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TABLE V
ToP-1 ACCURACY (%)71, EER (%)), AND TAR@FAR (T@F)=0.0001 (%)1 OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS ON
SDUMLA-HMT.

SDUMLA-HMT R18 Mobv2 FVN APN SLK-S ViT-S Swin-T
Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F Acc EER T@F
Vanilla 84.51 1.90 80.03 82.94 220 78.77 86.71 1.49 83.96 93.55 0.56 93.79 82.15 1.80 77.52 72.17 749 66.12 82.39 237 76.49
Flip 79.09 256 74.84 77.52 2.60 70.83 84.59 1.64 80.58 87.89 142 84.67 81.84 2.10 76.42 6690 9.46 5841 80.11 3.07 74.61
Rotate 91.19 1.00 90.25 90.88 0.87 90.17 84.98 2.05 82.08 93.40 0.64 9347 92.69 0.94 92.53 83.49 247 80.58 90.33 0.95 89.23
Translation 90.17 0.85 89.23 89.94 0.96 88.68 88.44 1.25 86.32 94.10 0.55 94.18 92.69 0.60 91.90 86.16 1.98 82.47 91.75 0.85 90.64
Noise 80.82 238 77.20 82.15 2.19 77.04 8593 1.66 8247 91.59 0.77 91.04 9143 0.95 91.04 69.89 6.31 63.68 82.78 2.99 77.28
Cutout [7] 89.39 0.87 87.97 89.70 0.60 88.44 90.72 1.16 89.78 93.95 0.58 93.79 90.09 0.70 89.31 74.69 3.84 68.08 83.96 1.63 79.48
GridMask [36] 86.64 1.30 83.02 89.78 0.85 88.52 87.66 1.51 84.59 92.69 0.70 92.53 90.33 0.72 88.60 79.48 2.16 72.56 81.45 2.99 76.18
RandomErasing [18] 85.61 1.56 82.39 87.81 1.27 8593 87.50 1.24 85.06 94.10 0.64 94.42 9245 0.79 92.53 7225 4.78 64.07 84.83 1.65 81.13
RandomQuant [39] 77.83 3.00 71.62 75.00 3.22 69.81 82.55 1.58 78.62 89.86 1.40 88.44 88.52 1.33 8546 59.98 8.49 54.17 7594 3.13 70.52
AutoAugment [5] 79.09 2.77 74.61 90.25 0.83 89.15 92.06 0.56 91.51 96.62 0.31 97.33 87.34 0.93 83.18 81.53 1.66 75.71 87.26 0.79 84.43
RandAugment [6] 89.70 0.71 88.84 90.17 0.86 88.36 94.18 0.32 94.97 96.38 0.24 97.33 94.18 0.56 94.97 87.81 1.09 85.53 93.87 0.47 94.10
KeepAugment [19] 84.28 2.05 79.32 81.53 190 77.75 86.64 141 83.02 9237 093 91.59 88.44 1.06 85.06 7524 6.28 69.81 82.08 2.18 77.52
TrivialAugment [13] 89.78 1.00 87.89 93.95 0.70 94.18 93.63 0.41 93.71 97.56 0.22 98.58 95.36 0.39 95.75 87.89 0.88 85.22 94.03 0.63 94.42
TeachAugment [14] 32.00 11.71 21.46 3829 7.06 22.64 — - — 5330 598 4630 — - — 93.55 048 93.47 93.63 0.32 94.18
SoftAugment [38] 91.19 0.72 90.80 92.37 0.77 92.53 87.50 1.34 85.46 95.13 0.54 95.44 92.22 0.79 92.14 87.81 2.27 85.06 90.09 1.01 88.99
YOCO [37] 9292 0.39 92.61 91.27 1.18 76.73 91.43 1.03 87.19 9599 0.38 9544 90.49 1.28 7531 89.62 1.30 87.97 92.14 0.68 92.22
RICAP [21] 98.66 0.10 99.53 97.56 0.11 97.88 92.77 0.81 92.06 91.51 1.18 90.72 — - — 9426 0.70 93.71 9591 0.40 96.70
MixUp [8] 79.87 225 7429 82.55 190 77.99 9340 0.63 93.24 91.43 0.94 91.27 87.81 1.33 86.08 77.59 2.98 72.17 6997 5.03 64.07
CutMix [15] 9347 0.55 91.67 92.06 0.66 92.14 91.67 0.69 91.12 95.05 0.63 94.81 93.55 0.41 92.92 84.67 1.87 78.85 88.68 1.22 86.64
FMix [41] 90.72 1.10 87.74 88.29 1.48 85.93 89.39 1.18 87.03 94.50 0.72 93.00 90.49 0.94 88.29 79.32 244 74.06 85.77 1.97 80.74
GridMix [20] 90.02 1.12 88.68 92.61 0.86 91.59 91.90 0.88 90.72 93.95 0.85 93.71 92.85 0.41 92.77 86.87 1.72 84.04 89.15 141 87.74
ResizeMix [40] 95.83 0.23 96.70 93.87 0.41 93.79 90.72 0.80 89.86 95.75 0.48 96.46 94.65 0.31 95.28 87.19 1.64 84.98 91.75 1.10 89.70
SaliencyMix [22] 90.09 0.77 88.92 89.07 0.83 87.11 91.59 0.57 89.94 93.00 0.48 92.85 91.12 1.00 89.94 80.35 2.23 75.47 86.56 1.41 83.49
PuzzleMix [23] 88.29 1.22 8593 9332 0.68 91.67 93.63 0.64 93.00 94.34 0.71 93.32 93.63 0.55 92.37 84.67 1.80 79.01 87.19 1.72 84.28
GuidedMixup [12] 88.29 0.88 86.56 89.31 0.85 87.81 92.85 0.60 92.14 91.19 0.95 90.88 89.78 0.76 88.76 87.42 1.32 84.98 87.81 091 85.77
StarMixup [9] 7940 196 7571 81.76 1.96 77.44 91.67 0.70 91.12 89.54 1.25 88.60 84.36 2.11 80.03 78.14 2.90 73.66 67.69 5.73 61.40
LabelSmoothing [24] 87.03 1.79 84.51 84.83 1.67 80.90 89.78 1.02 87.03 97.09 0.25 97.72 87.11 1.01 84.28 73.98 5.81 66.75 84.12 2.44 78.14
OnlineLabelSmooth [26] 84.75 1.72 81.76 81.13 244 76.57 87.26 1.25 84.28 9340 0.46 93.08 84.36 1.88 80.50 74.14 7.24 68.24 82.70 1.63 77.36
ConfidencePenalty [25] 83.57 2.05 79.25 7822 2.65 7193 87.03 1.33 84.12 93.87 091 94.10 87.89 1.58 85.14 71.54 5.96 064.70 80.50 3.28 76.57
DirichletLabelSmooth [27] 86.56 1.97 83.96 85.53 1.80 81.13 90.80 0.93 87.74 97.25 0.24 97.25 87.89 1.71 84.67 73.19 598 65.96 8231 251 78.07
Bootstrapping [42] 82.31 2.13 77.04 72.64 4.03 64.86 78.46 235 62.74 9395 0.54 9395 — - —  74.69 574 69.50 8239 2.66 76.97
VERA220 TJU600 FVUSM SDUMLA-HMT
1.00 1.00 s 1.00 B -
Pt iy
47 i
0.95| 457 0.95 .25 0.95 7 y ,/y’
;- v ,-7{/ difl
7 /."/ Jlig
goeo Eo.eo Eogo ,/-’;// _:/ /l ,’
4 ,,’ ,/ //
; // i 1/ S §
0.85 0.85 i 0.85(/ /7
4 7 ik ;g
// 4 i I/ r( J /_,"
/ i i
0800 1073 1072 1071 100 8o 1073 1072 107! 10° 06?0*7“ 105 105 10 10~ 102 107 100 %o 1073 1072 /10" 10° O'EPO’/" 1073 1072 107! 10°
FAR FAR FAR FAR FAR
= -MixUp = - CutMix = - PuzzleMix - - GuidedMix StarMix Translation RandomQuant Cutout AutoAugment TrivialAugment LabelSmoothing

OnlineLabelSmooth DirichletLabelSmooth - - ConfidencePenalty

Fig. 5. Receiver Operating Characteristic (ROC) curves of various data augmentation methods across five vein datasets using the ResNet18 backbone.

Figure. 6 shows that compared with multi-image augmentations,
single-image augmentations could achieve a lower ECE score
than a vanilla classifier. AutoAugment and KeepAugment
achieve 1.9% and 2.3%, respectively. However, mixup-based
methods are all worse than vanilla. Lots of them show an
overconfident state. The full results were reported in Table XI.

While mixup has been reported to improve calibration in
general object recognition by smoothing label distributions, its
impact on the fine-grained topological features of vein images
remains to be explored. Our experiments aim to reveal whether
these augmentations help the vein classifier produce more
“honest” confidence scores, thereby enhancing the reliability of
the system in high-security, real-world deployment scenarios.

Corruption: To further evaluate the robustness, we conduct
corruption experiments following the setting of AugMix [49].

Table VI and Table VII show the CI level results that mixup
augmentations better than the single augmentations and label
enhancement methods on both 2 datasets. Table XIII and
Table XIV confirm that all model augmentation combinations
suffer severe accuracy degradation as corruption severity
escalates from C1 to C3, with vanilla models collapsing to
below 30% on TIU600 at C3. Mixup-based methods provide the
most consistent robustness, e.g., MixUp and PuzzleMix achieve
85.51%, 75.05%, 57.19% and 87.05%, 77.10%, 58.75% at C1,
C2, and C3 on VERA220 under ResNet18, substantially above
the Vanilla baseline of 69.59%, 61.99%, 46.70%. Policy-based
methods, particularly Trivial Augment, achieve 83.98%, 73.18%,
55.45%, which represent the strongest single-image option for
corruption robustness, while basic geometric augmentations
consistently degrade below baseline even at mild corruption



AGVBENCH: A RELIABILITY-ORIENTED BENCHMARK OF DATA AUGMENTATION FOR VEIN RECOGNITION 10

Vanilla Noise Translate TrivialAugment

Cutout

AutoAugment KeepAugment RICAP

ECE: 4.1% ECE: 5.8% /" ECE:11.3% q ECE: 5.9%
00 07 04 06 08 T

ECE: 12.7%

SoftAugment

CE: 25.7%

ECE: 6.6% ECE: 2.3% I
00 07 04 06 08 T0

0|
00 02 04 06 08 10

ECE: 1.9%

0|
00 02 04 06 08 10

MixUp

00 02 04 06 08 T 00 02 04 06 08 10

CutMix SaliencyMix ResizeMix

00 02 04 06 08 10

FMix

00 02 04 06 08 T 00 02 04 06 08 T

GridMix GuidedMixup PuzzleMix StarMixup

ECE?"31.3% CE: 21.2% " ECE: 16.5% CE: 20.3%

““ECE: 15.7%

ECE: 6.6%

" ECE: 12.0% 129.7% 135.3%

00 02 04 06 08 10 00 02 04 06 08 T 00 02 04 06 08 10 00 02 04 06 08 T

00 02 04 06 08 10

00 02 04 06 08 T 00 02 04 06 08 10 00 02 04 06 08 T 00 02 04 06 08 10

Fig. 6. The confidence plots of different augmentations on the VERA220 dataset using ResNet18. The red line indicates the expected prediction tendency.

TABLE VI
ToP-1 ACCURACY (%) T OF CORRUPTION OF VARIOUS AUGMENTATIONS
ACROSS DIFFERENT MODELS ON VEAR220-C1 DATASET.

Corruption R18 Mobv2 FVN APN SLK-S
Vanilla 69.59 69.19 39.09 73.18 65.10
Flip 63.49 63.35 30.21 6529 60.29
Rotate 62.75 59.66 32.18 62.58 58.33
Translation 60.67 64.14 37.06 63.54 60.93
Noise 6732 6849 37.18 69.02 66.00
Cutout [7] 68.06 64.88 3395 68.28 62.82
GridMask [36] 6493 66.53 24.81 54.12 5471
RandomErasing [18] 61.22  66.89 3636 7254 65.80
RandomQuant [39] 79.59 81.27 2227 80.96 77.27
AutoAugment [5] 7543 71.10 35.12 76.56 72.82
RandAugment [6] 69.43 7850 21.72 75.60 82.47
KeepAugment [19] 70.52  69.21 4197 7149 63.63
TrivialAugment [13] 83.98 78.78 41.33 85.29 81.99
TeachAugment [14] 68.06 57.19 38.16 56.84 65.31
SoftAugment [38] 64.94 6821 4497 7391 66.81
YOCO [37] 62.06 6495 29.35 71.74 58.83
RICAP [21] 73.15 67.37 2827 67.72 61.02
MixUp [8] 85.51 89.54 66.89 88.75 85.81
CutMix [15] 7631 88.08 35.65 77.01 70.47
FMix [41] 75776 73.87 41.74 7532 66.60
GridMix [20] 72.63 69.17 28.52 6733 62.59
ResizeMix [40] 77.06 7155 34.02 7772 6421
SaliencyMix [22] 77.42 75.05 4247 7855 68.96
PuzzleMix [23] 87.05 88.47 60.10 84.77 84.97
GuidedMixup [12] 61.85 63.15 22.61 5485 6198
StarMixup [9] 87.03 84.81 6649 8947 84.66
LabelSmoothing [24] 76.51 70.48 51.84 83.18 66.38
OnlineLabelSmooth [26] 70.83 67.14 48.56 76.01 68.23
ConfidencePenalty [25] 66.52 65.17 45.54 7254 6091
DirichletLabelSmooth [27] 77.53 71.53 51.48 84.94 064.24
Bootstrapping [42] 61.85 50.15 48.06 7149 38.16

levels. Label enhancement methods show moderate corruption
stability, with LabelSmoothing reaching 89.53%, 72.22%,
40.13% on TJU600 under ResNet18.

Adversarial Attack: To further explore adversarial attack
resilience, we evaluate the Fast Gradient Sign Method (FGSM)
and Projected Gradient Descent (PGD). FGSM uses an /.,
constraint with e = 0.2/255. PGD is configured with ¢ =
0.2/255, a = 0.05/255, 10 iterations and the (., norm.

As shown in Table VIII and Table XII, our results indicate
a striking dissociation between clean accuracy and adversarial
robustness. Label enhancement methods, LabelSmoothing and
DirichletLabelSmooth, exhibit the strongest adversarial robust-
ness, with LabelSmoothing achieving 75.18% and 70.37% by
FGSM and PGD on TJU600 under ResNet18, nearly doubling

TABLE VII
ToP-1 ACCURACY (%) T OF CORRUPTION OF VARIOUS AUGMENTATIONS
ACROSS DIFFERENT MODELS ON TJU600-C1 DATASET.

Corruption R18 Mobv2 FVN APN SLK-S ViT-S Swin-T
Vanilla 76.99 77.64 45.82 70.11 60.90 57.05 63.47
Flip 67.48 71.81 39.58 65.62 52.43 52.26 59.35
Rotate 7236 73.76 39.74 64.62 55.62 58.75 64.13
Translation 76.57 76.25 4471 68.70 61.87 59.65 62.51
Noise 79.48 78.58 47.59 63.63 76.83 57.52 64.32
Cutout [7] 75.82 74.17 46.94 64.47 68.08 58.92 64.38
GridMask [36] T1.11 73.86 39.40 55.95 70.14 57.47 63.33
RandomErasing [18] 79.53 80.35 47.08 75.83 67.57 58.20 66.89
RandomQuant [39] 69.27 76.97 47.66 67.39 72.37 65.68 47.00
AutoAugment [5] 77.11 76.68 42.08 70.22 77.72 52.97 64.53
RandAugment [6] 80.89 77.96 45.45 73.39 69.45 65.25 65.64
KeepAugment [19] 76.08 79.27 44.26 70.83 74.81 56.97 64.33
TrivialAugment [13] 82.67 79.61 48.62 73.22 74.72 64.40 66.57
TeachAugment [14] 71.21 62.24 33.52 49.28 58.22 64.16 62.38
SoftAugment [38] 7796 78.23 46.75 71.33 71.01 56.73 65.58
YOCO [37] 63.75 67.72 39.80 68.13 65.21 54.05 51.64
RICAP [21] 74.39 71.76 48.40 53.07 77.04 46.15 48.43
MixUp [8] 88.72 88.63 61.52 75.82 89.97 75.80 80.19
CutMix [15] 83.12 83.50 54.30 68.67 83.01 61.20 63.47
FMix [41] 82.50 79.51 53.00 67.92 78.58 59.09 69.64
GridMix [20] 78.48 79.46 30.89 63.98 79.89 60.21 66.17
ResizeMix [40] 78.16 76.65 4823 66.78 79.91 57.56 61.24
SaliencyMix [22] 82.61 82.52 54.02 71.92 83.33 62.70 63.88
PuzzleMix [23] 89.49 88.92 63.74 75.04 89.51 74.24 73.81
GuidedMixup [12] 63.44 60.42 23.50 54.54 63.09 56.00 40.75
StarMixup [9] 88.64 89.99 62.22 78.95 91.39 73.73 80.34
LabelSmoothing [24] 89.53 88.47 59.15 82.44 86.39 60.95 76.80
OnlineLabelSmooth [26]  79.33 80.50 47.70 75.32 81.60 59.62 69.21
ConfidencePenalty [25]  77.00 77.98 45.66 73.55 74.36 58.12 64.06
DirichletLabelSmooth [27] 89.73 88.95 58.38 81.26 87.47 60.81 77.56
Bootstrapping [42] 61.58 50.43 19.64 72.39 55.50 57.64 64.58

the Vanilla baseline of 40.93% and 30.45%. Conversely, mixup-
based methods suffer counterintuitive adversarial fragility:
MixUp drops to 18.80% and 4.87% on TJU600 under ResNet18,
well below Vanilla, because soft-label training blurs inter-class
boundaries and expands the gradient-accessible attack surface.

Occlusion Classification: To evaluate the robustness of
augmentation methods against spatially continuous information
loss, we conduct an occlusion classification experiment on the
VERA220 and TJU600 datasets using ResNet18, by randomly
masking square regions with increasing ratios (0% to 50%). As
shown in Figure 7, cutting-based methods, including Cutout,
CutMix, and PuzzleMix, maintain stable performance, while
other methods degrade rapidly.
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TABLE VIII

ToP-1 ACCURACY (%) 1 OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS UNDER FGSM AND PGD ATTACKS ON TJU600 DATASET.

TIU600 R18 Mobv2 FVN APN SLK-S ViT-S Swin-T
FGSM PGD FGSM PGD FGSM PGD FGSM PGD FGSM PGD FGSM PGD FGSM PGD
Vanilla 4093 3045 4727  39.68 0.23 0.00 22.73 15.93 13.82 6.73 2.75 0.48 0.08 0.00
Flip 1942 985 3230 2265 007 000 1785 1130 680  1.08 230 058 008  0.00
Rotate 3022 1877 2827 1547 0.2 000 235 030 247 017 240 038 003  0.00
Translation 4025 3023 2863 1298 017 000 438 032 995 357 152 020 002  0.00
Noise 5398 49.55 5390 48.07 0.40 0.07 16.73 1047 54.02 49.52 14.63 9.77 8.52 4.23
Cutout [7] 3280 1605 2867 1442 0.7 002 1765  9.03 2582 1058 458 125 005  0.00
GridMask [36] 45.83  37.10 49.73  43.23 0.12 0.00 15.15 9.58 39.35 18.90 8.07 3.47 2.75 0.30
RandomErasing [18] 50.07 40.82  46.17 3622 025 003 3120 2405 2552 1377 317 055 0.3 0.00
RandomQuant [39] 3053 16.60 4650 3492 003 0.00 2745 2073 3895 1592 1368 680 058 007
AutoAugment [5] 3723 2245 2548 643 000 000 2253 1270 4293 2328 067 005 002  0.00
RandAugment [6] 4943 3832 2210 698 000 000 23.67 1408 1127 137 320 058 007  0.00
KeepAugment [19] 3748 2660 4575 3647 0.7 000 2097 1400 43.08 3145 275 075 005  0.00
Trivial Augment [13] 53.20 4212 2548 455 008 000 1555 532 1893 557 130 008 002  0.00
TeachAugment [14] 150 000 0I5 002 000 000 693 000 380 087 192 032 000  0.00
SoftAugment [38] 46.68  37.65 4090 3043 0.32 0.00 28.12 2043  37.38  24.57 2.27 0.42 0.05 0.00
YOCO [37] 1347 485 440 005 005 002 2000 850 1250 125 285 050 002  0.00
RICAP [21] 3970 1643 3108 670 057 002 800 405 3080 995 095 020 005 000
MixUp [8] 18.80 487 3413 1233 048 0.2 1240 345 2482 722 1547 523 107 0.2
CutMix [15] 51,53 28.13 4602 1773 060 0.3 2290 13.08 4127 1437 623 095 027 0.0
FMix [41] 4258 1630 3275 442 032 002 2087 1278 2562 468 780 263 018  0.00
GridMix [20] 4280 2632 4288 2685 0.0 000 830 022 3160 1493 1058 3.03 052  0.00
ResizeMix [40] 4825 2213 3868 428 005 000 1802 10.13 2442 258 703  1.60 017  0.00
SaliencyMix [22] 5147 2993 4247 1502 057 003 2288 14.67 4565 1990 1017 283 043  0.00
PuzzleMix [23] 3075 670 3795 832 035 002 1692 935 3035 .12 532 095 055  0.02
GuidedMixup [12] 295 000 047 000 000 000 1038 438 092 000 108 010 000  0.00
StarMixup [9] 31.67 14.08 5612  39.07 0.72 0.15 21.48 13.18  50.68 27.17 15.95 5.37 1.88 0.17
LabelSmoothing [24] 7518 7037 7335 69.43 2.00 0.30 55.60 45.73 67.15 58.73 13.17 6.67 3.87 0.73
OnlineLabelSmooth [26] 46.18 3568 5278 4537 0.25 0.02 26.65 18.08 5530 47.13 4.52 1.48 0.23 0.00
ConfidencePenalty [25] 4243 3335 4877 41.87 0.30 0.00 26.58 19.40 4133  30.12 292 0.52 0.10 0.00
DirichletLabelSmooth [27] 7430 67.98  70.55  65.67 1.73 0.25 5248 42.63 70.80 6348 13.28 7.00 3.52 0.63
Bootstrapping [42] 2320 1258 635 0.2 030 002 2515 17.87 342 002 300 072 007  0.00
100 VERA220 100 TJu600 + LabelSmoothing reduces EER from 0.83% to 0.65%. The
full three-level composition (AutoAugment + PuzzleMix +
i LabelSmoothing) achieves the best overall results, reaching
g N 98.00%, 0.56%, and 95.27% on VERA220 and 96.50%, 0.45%,
g k‘\ and 96.12% on TJU600.
T e In contrast, intra-category combinations deliver marginal
] . .
F improvements. On VERA220, AutoAugment + MixUp only
% slightly outperforms vanilla MixUp (97.00% vs. 95.27%),
' ottt tcacca demonstrating that cross-category fusion works better.
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Fig. 7. Top-1 Accuracy under varying occlusion ratios (0% — 50%) on the
VERA220 and TJU600 datasets using ResNet18.

V. ANALYSIS AND DISCUSSIONS

A. Orthogonality of Augmentations

We study whether augmentations from different categories
interact constructively by composing single-image, multi-image,
and label-enhancement methods on ResNet18 with VERA220
and TJU600, as shown in Table IX.

Cross-category compositions consistently improve perfor-
mance, indicating that different augmentation families provide
complementary benefits. On VERA220, AutoAugment + La-
belSmoothing improves accuracy from 80.82% to 89.73% and
TAR@FAR from 65.09% to 78.64%. Label regularization also
remains useful at high accuracy: MixUp + LabelSmoothing
increases accuracy from 95.27% to 97.18%, while PuzzleMix

B. Efficiency Analysis

Our analysis is conducted on a lightweight backbone using
the VERA220 dataset, with a standardized input resolution of
224 x 224 to ensure a fair comparison of overhead. Table X
summarizes the efficiency—accuracy trade-off on MobileNetv2.
Most methods keep the same inference cost as Vanilla
(0.65 GFLOPs and 1.00M augmentation parameters), so their
overhead mainly appears in training time and peak memory.
MixUp offers the best balance, improving accuracy from
71.64% to 95.55% with nearly unchanged training time (5.04
vs. 5.02 s/epoch). StarMixup is similarly efficient, reaching
92.55% accuracy with near-Vanilla cost. PuzzleMix achieves
the highest accuracy (95.91%) but requires more computation
and training time. In contrast, TeachAugment and SoftAugment
incur high overhead or lower-than-Vanilla accuracy, indicating
that lightweight mixing or quantization-based strategies are
more practical for deployment-oriented vein recognition.
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TABLE IX
ToP-1 ACCURACY (%)T, EER (%)J., AND TAR@FAR=0.0001 (%)?1 OF
VARIOUS COMPOSED AUGMENTATIONS ON VERA220 AND TJU600
DATASETS IN RESNET18.

VERA220 TJU600
Methods
Acc. EER TAR@FAR Acc. EER TAR@FAR
Vanilla 7145 5.20 51.00 85.55 1.72 81.23

Single Image Augmentation with Label Enhancement

AutoAugmentation 80.82 2.55 65.09 88.28 1.59 85.23
+ LabelSmoothing 89.73 2.44 78.64 9497 0.77 93.83

Multi Image Augmentation with Label Enhancement

MixUp 95.27 091 92.27 93.90 0.84 92.51
+ LabelSmoothing 97.18 0.63 96.36 96.37 0.51 95.33
PuzzleMix 95.55 0.83 93.36 9525 0.46 94.45
+ LabelSmoothing 97.27 0.65 96.09 96.58 0.38 96.05
Composed Augmentations
AutoAugmentation 80.82 2.55 65.09 88.28 1.59 85.23
+ MixUp 97.00 0.70 92.73 95.55 0.65 93.73
+ LabelSmoothing 97.55 0.44 94.00 95.83 0.65 94.48
AutoAugmentation 80.82 2.55 65.09 88.28 1.59 85.23
+ PuzzleMix 97.18 0.80 94.55 96.25 0.67 95.17
+ LabelSmoothing 98.00 0.56 95.27 96.50 0.45 96.12

C. Discussion

When Do Augmentations Help? Augmentation efficacy is
strongly conditioned on dataset scale and evaluation granularity.
In data-scarce regimes (e.g., the VERA220 dataset with
2,200 images and the FV-USM dataset with 1,476 images),
augmentation yields the largest absolute gains in accuracy.
On larger datasets (e.g., SCUT1100 dataset with 11,000
images), vanilla baselines are already strong. Yet, augmentation
continues to produce meaningful improvements at the harder
metrics: MixUp reduces EER from 0.30% to 0.07% and boosts
TAR@FAR=0.0001 from 97.30% to 99.63% on SCUT1100,
revealing improvements that are invisible to accuracy-centric
analysis. This observation confirms that stringent criteria
like TAR@FAR=0.0001 and EER are the most sensitive
and operationally relevant metrics for evaluating biometric
augmentation strategies.

Limitations of Current Augmentation Methods. Three
systematic limitations characterize current augmentation strate-
gies in the vein domain. First, geometric augmentations (Flip,
Rotate, Translation, YOCO) consistently degrade performance
across all datasets and architectures, as arbitrary spatial
transformations violate the topological integrity of vein patterns
that is essential for identity discrimination. Second, the highest
accuracy methods (mixup-based) are simultaneously the worst
calibrated (ECE >30%) and the most adversarially fragile,
e.g., MixUp drops to 4.87% under PGD on TJU600, which
reveals a multi-dimensional performance and robustness trade-
off that no currently available single method resolves. Third,
augmentation benefits are dataset-dependent: on SDUMLA-
HMT, MixUp marginally underperforms the Vanilla baseline
(79.87% vs. 84.51% on ResNet18) while RICAP achieves the
highest accuracy of 98.66%, indicating that dataset-specific
structural characteristics modulate which augmentation family

TABLE X
GFLOPs, ToP-1 ACCURACY (%), TRAINING TIME (S/EPOCH),
AUGMENTATION PARAMETERS (M), GPU MEMORY (MB), AND APEX
RANK OF AUGMENTATIONS (MOBILENETV2 ON THE VEAR220 DATASET).

Methods GFLOPs Acc. 1 Tivain 4 Paug Mpeak 4 APEX Rank
Vanilla 0.65 71.64 5.02 1.00 2507.10 -
Flip 0.65 67.32 5.03 1.00 2524.83 3
Rotate 0.65 63.05 528 1.00 2507.10 4
Translation 0.65 6545 523 1.00 2507.10 3
Noise 0.65 69.73 5.04 1.00 2566.45 3
Cutout [7] 0.65 67.55 6.57 1.00 2524.83 4
GridMask [36] 0.65 68.50 6.82 1.00 2524.83 4
RandomErasing [18] 0.65 69.86 5.06 1.00 2488.38 2
RandomQuant [39] 0.65 8223 5.13 1.00 2483.50 1
AutoAugment [5] 0.65 7691 7.81 1.00 2507.72 4
RandAugment [6] 0.65 82.09 549 1.00 2485.71 2
KeepAugment [19] 1.31 7091 5.45 1.00 2549.48 4
Trivial Augment [13] 0.65 8245 5.19 1.00 2507.10 2
TeachAugment [14] 382 59.86 9.92 2.3712156.80 5
SoftAugment [38] 0.65 69.82 11.79 1.00 2652.35 5
YOCO [37] 0.65 66.14 6.68 1.00 2506.12 3
RICAP [21] 0.65 70.82 5.09 1.00 2508.17 3
MixUp [8] 0.65 95.55 5.04 1.00 2545.46 1
CutMix [15] 0.65 7741 5.05 1.00 2507.72 1
FMix [41] 0.65 75.55 5.05 1.00 2524.83 2
GridMix [20] 0.65 75.14 5.07 1.00 2524.83 3
ResizeMix [40] 0.65 75.86 5.04 1.00 2488.38 1
SaliencyMix [22] 0.65 79.14 524 1.00 2507.10 3
PuzzleMix [23] 1.31 9591 8.66 1.00 2578.32 1
GuidedMixup [12] 1.31 69.68 7.33 1.00 2538.22 4
StarMixup [9] 0.65 92.55 5.09 1.00 2507.10 1
LabelSmoothing [24] 0.65 7595 5.03 1.00 2547.46 2
OnlineLabelSmooth [26] 0.65 70.18 5.08 1.00 2566.63 4
ConfidencePenalty [25] 0.65 70.86 5.02 1.00 2507.72 2
DirichletLabelSmooth [27] 0.65 77.59 5.03 1.00 2524.83 1
Bootstrapping [42] 0.65 5259 5.03 1.00 2507.72 3

is optimal and that blanket application of a single strategy
across all vein datasets remains inadvisable.

Trade-off between Accuracy & Calibration. Strong recogni-
tion performance and robustness are rarely co-realized by the
same augmentation method. MixUp dominates on Accuracy,
EER, and TAR@FAR yet ranks among the worst in calibration.
For example, ECE score >30% on TJU600 and adversarial
robustness 4.87% under PGD; LabelSmoothing provides the
strongest adversarial defense but is simultaneously the most
miscalibrated (ECE score up to 47.88%). No single method
currently offers an adequate all-in-one solution, and designing
augmentations that jointly optimize across recognition accuracy
and robustness dimensions remains an open research direction.

Data-Agnostic Augmentation Methods and Cross-Domain
Generalization. TrivialAugment and RandomQuant consis-
tently rank among the top-performing single-image methods
regardless of anatomical site (palm or finger vein) or imaging
sensor, suggesting that their respective mechanisms, which
include tuning-free operation sampling and quantization that
induced spectral invariance, are genuinely domain-agnostic.
In contrast, mixup-based methods are highly effective on
palm vein datasets but exhibit degraded or reversed benefits
on finger vein configurations (SDUMLA-HMT), confirming
that no single augmentation strategy achieves universally
optimal generalization across vein modalities. This finding
motivates modality-aware augmentation selection and multi-
method composition as standard practices in future vein
recognition system design.
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Extensibility to Broader Biometric Modalities. Beyond vein
recognition, the highly modular architecture of the AGVBench
framework provides a clear pathway for extension to other
biometric modalities, such as fingerprint, iris, or periocular
recognition. Because our open-source codebase is deeply
decoupled based on the MMCV ecosystem, researchers can
seamlessly integrate new biometric tasks by simply customizing
the data preprocessing pipelines (.agvbench.datasets),
while fully reusing the comprehensive suite of standardized
augmentation modules and evaluation protocols. This potential
extensibility establishes AGVBench not merely as a vein-
specific benchmark but as a unified, foundational testbed for
exploring representation learning and data augmentation across
the broader biometric security community.

VI. CONCLUSION

We have presented AGVBench, a large-scale benchmark
evaluating 30 augmentation strategies for vein recognition
across five datasets, seven deep learning architectures, and
six evaluation dimensions. Our study shows that multi-image
augmentations consistently dominate recognition performance,
while geometric augmentations are broadly detrimental. Crit-
ically, top-performing methods exhibit poor calibration and
adversarial fragility, exposing an accuracy-robustness trade-
off unresolved by any existing method. We hope AGVBench
motivates future augmentation designs that jointly optimize
recognition accuracy and real-world reliability.
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APPENDIX

A. Additional Full Results

This appendix reports the complete experimental tables that
are summarized in the main paper. These tables are intended to
provide a model-wise and dataset-wise view of the robustness,
calibration, and efficiency behavior of each augmentation
method. Unless otherwise specified, the notation follows the
main text: the best results are highlighted in bold with a blue
background, the second-best results are underlined, and gray
values indicate performance worse than the corresponding
Vanilla baseline under the same model and dataset setting.

o Full Calibration Results. Table XI reports the full

calibration results measured by ECE across VERA220,
TJU600, and SCUT1100. Lower ECE indicates better
confidence calibration. For VERA?220, results are reported
for ResNet18, MobileNetv2, FVRASNet, AMPVNet, and
StarLKNet-S. ViT-S and Swin-T are evaluated only on
TJU600 and SCUT1100, where the larger-scale settings
provide sufficient data for transformer-based backbones.
These results expand the calibration discussion in the
main paper and show that methods with high recognition
accuracy are not necessarily well calibrated.

Full Adversarial Robustness Results. Table XII reports
the full SCUT1100 adversarial robustness results under
FGSM and PGD attacks. Together with Table VIII in
the main text, this table provides a complete view of
adversarial behavior on the two vein datasets. The results
further support the observation that recognition accuracy,
calibration, corruption robustness, and adversarial robust-
ness can favor different augmentation families.

Full Corruption Robustness Results. Tables XIII
and XIV provide the complete corruption robustness
results under three corruption severity levels. The main
paper reports the C1 results to keep the presentation
compact, whereas the appendix includes C1, C2, and
C3 for each backbone. These full results show how
augmentation methods behave as the corruption level
increases, which is important for distinguishing methods
that only improve mild robustness from those that remain
stable under severe degradation.

More ROC Curve Results. Figures 8, 9 and 10 show
more compressive results with different models.
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RESULTS OF CALIBRATION OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS ON VEAR220, TJU600, AND SCUT1100 DATASETS. VIT-S AND
SWIN-T ONLY WITH TJU600 AND SCUT1100.

VEAR220 ECE Score (%) |

TJU600 ECE Score (%)

SCUT1100 ECE Score (%) |

Calibration

R18 Mobv2 FVN APN SLK-S R18 Mobv2 FVN APN SLK-S ViT-S Swin-T RI8 Mobv2 FVN APN SLK-S ViT-S Swin-T
Vanilla 4.10 3.17 1038 10.07 8.17 796 6.73 217 842 558 1678 877 3.66 290 195 139 078 883 1.18
Flip 523 6.02 10.62 1348 1038 7.07 6.24 393 1035 600 1627 1005 348 278 1.69 2.17 095 1287 0.66
Rotate 870 991 16.59 15.77 1240 7.03 695 584 984 946 1419 937 374 334 127 205 0.65 10.03 1.01
Translation 11.33 940 1885 17.57 12,18 7.72 544 6.15 896 526 1400 906 409 284 1.15 1.83 066 9.10 049
Noise 5.80 444 1554 1247 982 770 729 375 942 155 1686 1251 640 294 252 208 063 1051 1.77
Cutout [7] 1271 1544 1872 1429 1282 094 327 1098 876 445 1293 707 113 325 341 417 387 569 0.70
GridMask [36] 11.15 9.60 22.00 18.46 1633 3.97 119 1731 1429 564 1646 996 345 226 699 1230 4.67 1196 2.54
RandomErasing [18] 945 7.1 16.03 1247 990 847 678 521 827 557 1611 878 351 280 098 200 090 1020 1.07
RandomQuant [39] 1.62 149 11.73 570 544 975 373 1133 1399 1.68 11.68 1679 450 373 412 354 203 427 1.13
AutoAugment [5] 191 344 4.05 361 278 10.00 6.13 598 743 171 1492 6.16 311 255 217 132 056 371 0.54
RandAugment [6] 314 278 553 498 3.6 1064 606 454 613 1.11 9.84 500 369 308 156 127 128 2.60 0.55
KeepAugment [19] 226 455 956 3.51 1153 811 701 299 809 283 1613 907 323 254 195 131 065 845 0.67
Trivial Augment [13] 588 348 296 174 134 992 716 222 558 054 1142 577 286 301 202 136 1.02 346 041
TeachAugment [14] 219 810 458 1147 989 558 350 17.99 10.89 492 10.14 6.77 - 11.56 - 9.90 - 261 057
SoftAugment [38] 6.65 567 1023 1024 945 4.65 436 304 923 413 1507 863 295 246 1.77 171 047 932 1.00
YOCO [37] 1598 18.60 2295 1451 14.17 561 1.88 1201 931 1.08 11.01 1056 459 3.02 2329 4293 71.75 6.78 0.99
RICAP [21] 2571 18.99 17.19 18.84 18.08 33.16 35.17 3541 36.57 37.79 2646 3386 9.57 11.23 17.25 15.09 9.77 15.80 8.22
MixUp [8] 31.26 31.45 37.74 30.88 35.60 33.77 36.09 35.83 35.59 38.65 26.56 33.86 8.93 11.13 17.03 1474 9.14 1581 8.22
CutMix [15] 21.20 15.50 543 13.15 11.89 2499 2340 1885 20.65 13.76 887 9.78 1391 1554 1133 745 7.84 1512 6.29
FMix [41] 1573 12.83 5.04 1282 7.27 2647 29.02 20.61 21.67 20.87 7.50 10.01 10.47 11.15 9.46 9.60 7.61 12.60 5.15
GridMix [20] 11.99 1223 3.02 347 6.84 1730 22,10 209 11.73 1858 279 886 11.44 11.02 1245 7.37 847 1022 6.62
ResizeMix [40] 20.33 14.66 292 1442 898 21.65 25.10 15.69 21.58 14.76 13.07 11.18 9.68 1240 11.49 9.50 7.04 18.37 6.95
SaliencyMix [22] 1653 12.11 4.10 1230 846 22.83 25.08 16.62 17.44 1349 9.65 9.61 891 11.05 934 626 4.64 1365 5.89
PuzzleMix [23] 29.65 28.93 2536 25.76 28.80 31.13 31.49 23.27 26.50 40.65 2497 2491 2645 25.82 2295 19.28 2245 26.54 24.87
GuidedMixup [12] 9.32 10.57 841 - 13.60 33.40 36.16 36.05 35.69 39.87 27.21 33.86 9.20 11.09 16.93 12.86 10.67 1593 8.22
StarMixup [9] 3530 33.69 39.81 37.06 34.21 3834 39.74 3880 41.22 4550 27.24 3575 9.59 1242 19.85 1529 899 15.89 8.58
LabelSmoothing [24] 38.42 30.23 25.16 4349 2421 47.88 43.12 36.33 46.64 33.45 33.08 47.57 26.18 21.07 25.65 25.24 18.14 36.40 30.25
OnlineLabelSmooth [26]  4.41 2.68 3.88 422 756 1174 1126 821 422 1452 141 734 574 482 677 329 632 521 544
ConfidencePenalty [25] 357 328 620 849 575 1699 1584 596 491 1.67 1081 562 7.03 658 422 092 155 490 0.57
DirichletLabelSmooth [27] 39.10 31.32 25.35 4335 2296 47.80 44.01 3853 47.18 34.69 3352 4747 2601 2238 2579 2536 19.88 36.62 29.76
Bootstrapping [42] 331 414 856 332 17.05 1592 1005 4.16 790 295 1580 8.05 938 1190 177 076 7069 845 0.73

TABLE XII

ToP-1 ACCURACY. (%) T OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS UNDER FGSM AND PGD ATTACKS ON SCUT1100 DATASET.

SCUT1100 R18 Mobv2 FVN APN SLK-S ViT-S Swin-T
FGSM PGD FGSM PGD FGSM PGD FGSM PGD FGSM PGD FGSM PGD FGSM PGD
Vanilla 90.38 89.86 8580  83.75 8.73 0.14 86.20 8527 8642 8576 4991 4640 43.66  30.36
Flip 87.53  86.44  83.13  81.31 8.76 0.55 82.14  81.09 8044 7894 4289 40.13 3526  21.62
Rotate 85.75  84.00 62.18 48.62 1540 2.67 26.33 9.74 59.16  45.18 4693 4295 31.14 16.20
Translation 87.49  86.18 7844  71.09  21.78 2.49 52.09 3396 69.78 61.00 4233 3727 3987 2540
Noise 77.89  77.40  88.89 8825 61.71 5720 8580 8538 88.78 8833 60.07 59.66 74.67 73.24
Cutout [7] 6544 6266 5776  53.96 8.38 0.24 33.07 1634 6586 6296 6344 61.00 4560 31.64
GridMask [36] 71.09  70.00 69.07  68.31 14.22 5.00 15.09 6.24 64.89 6398  58.64 57.82 7155 69.80
RandomErasing [18] 90.84 9036 86.78 8520 4145 2082 8887 8778 86.53 8555 52.16 4945 46776  33.11
RandomQuant [39] 87.02 8344 87.02 82062 38.69 27.69 86.53 8594 8555 81.06 73.55 72.67 74.11 71.24
AutoAugment [5] 86.31 8233 7747 6455 4.86 0.04 71.91 6449  66.71 4253 61.04 5734 1151 0.71
RandAugment [6] 89.11 86.36 8256  74.89 3.64 0.00 8142 7793 7440 5467 6593 61.76 3218 15.09
KeepAugment [19] 90.82 9020 87.24  85.71 8.54 0.04 8527 8414  86.16 8509 4976  46.85 4487  31.27
TrivialAugment [13] 91.64 8944 8396  77.84 4.76 0.02 73.47  65.71 80.86  75.11 63.16  59.00 4433  27.69
TeachAugment [14] 0.26 0.11 20.11 10.07 0.00 0.00 15.53 0.56 0.16 0.16 64.13  59.73 14.93 2.40
SoftAugment [38] 91.36 9093 87.75 87.07 20.07 2.85 86.18  85.16 8593 8522 4827 45.15 39.66  25.71
YOCO [37] 2469  21.71 3942 33.73 1.76 0.06 10.22 8.91 0.98 0.49 4829 4442 2542 13.47
RICAP [21] 91.71 8924 8627 8327 1631 2.44 65.07 5413 8836 8353 57.02 5447 3980  26.05
MixUp [8] 91.73 8558 9227  87.69 6.87 0.02 85.87 7625 8593 7566 7540 7256  27.31 2.80
CutMix [15] 9553 9455 9186 90.13 41.13 9.67 90.87 89.84 91.67 89.82 7224 7022 5889  41.09
FMix [41] 9382 9242 89.73 87.69  27.69 3.07 90.25 89.71 8245 7333 6434 6262 61.85 42.00
GridMix [20] 93.71  93.00 89.18 87.96 34.34 8.96 79.16 7176 89.29 8738  69.76 6825 4893  31.22
ResizeMix [40] 9484 9411 9245 9136 3880 1231 92.09 91.64 9247 91.09 6584 6436 5551 37.64
SaliencyMix [22] 9478  93.60 91.64 89.27 33.76 8.80 91.96 91.20 9091 8731 7464 7275 6371 44.84
PuzzleMix [23] 9349 8955 8833  76.58 6.62 0.02 8545 8096 8434  61.71 70.25 67.18  61.60  39.05
GuidedMixup [12] 91.91 85.62  90.09  83.20 7.18 0.06 78.62 6038  86.75 7820 7542 72.64 0.18
StarMixup [9] 92.64  87.11 92.02  88.56 8.93 0.06 8375  64.07 90.06  84.02 7438 7131 3453 3.54
LabelSmoothing [24] 96.34 96.18 93.00 9251 47.07 11.73 9558 9549 9276 9227 6196 61.16 77.60  73.18
OnlineLabelSmooth [26] 93.06 9251 8934 88.16 16.36 0.66 89.71 89.02 9040 89.73  56.27 53.85 56.89 4442
ConfidencePenalty [25] 91.64 91.13 87.16 8586 1131 0.20 86.29 8549  86.69 8571 50.47 4693 4585 3098
DirichletLabelSmooth [27]  96.53  96.44 93.04 9247 5187 1742 9573 9564 9336 9296 62.73 6187 7851 74.09
Bootstrapping [42] 83.31 80.91 57.00  48.45 7.86 0.13 86.00 8498 5440 4427  50.55 4731 4384  29.67
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TABLE XIII
TOP-1 ACCURACY (%) 1T OF CORRUPTION OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS ON VEAR220 DATASET.

. VERA220-C1 VERA220-C2 VERA220-C3

Corruption

R18 Mobv2 FVN APN SLK-S RI18 Mobv2 FVN APN SLK-S RI8 Mobv2 FVN APN SLK-S
Vanilla 69.59 69.19 39.09 73.18 65.10 6199 62.70 2557 6335 59.12 46.70 50.69 9.81 41.96 48.61
Flip 6349 6335 3021 6529 60.29 56.01 56.60 18.47 56.82 5447 40.05 4457 677 37.13 4395
Rotate 62.75 59.66 32.18 6258 5833 53.66 53.28 2091 51.75 52.13 3849 40.53 8.80 35.860 37.18
Translation 60.67 64.14 37.06 63.54 60.93 5390 56.51 25.10 5290 55.14 38.13 4352 1086 36.51 4297
Noise 67.32 6849 37.18 69.02 66.00 61.32 61.63 2842 6127 60.22 48.66 50.38 16.60 41.99 48.80
Cutout [7] 68.06 64.88 3395 6828 62.82 5873 57.77 2151 56.70 56.05 4050 43.64 856 3828 4232
GridMask [36] 6493 66.53 2481 54.12 5471 5799 59.86 15.02 4440 48.68 45.02 47.75 6.63 33.16 37.61
RandomErasing [18] 61.22  66.89 3636 7254 6586 5531 6041 2512 63.92 5990 4435 50.00 11.17 44.83 4947
RandomQuant [39] 79.59 81.27 2227 8096 7727 68.83 7486 15.10 7292 70.14 4856 67.66 634 59.09 5691
AutoAugment [5] 7543 71.10 3512 7656 7282 62.01 61.55 22.06 6337 6277 4505 4299 10.38 48.04 42.20
RandAugment [6] 6943 7850 21.72 75.60 8247 57.73 6941 1388 062.09 7496 4142 5228 549 4389 5833
KeepAugment [19] 7052 69.21 4197 7149 63.63 6143 6077 28.60 6234 5754 4524 5032 1097 44.60 4521
TrivialAugment [13] 8398 78.78 4133 8529 8199 73.18 70.17 2821 73.74 7420 5545 5551 1325 35491 60.27
TeachAugment [14] 68.06 57.19 38.16 56.84 6531 60.67 49.88 27.17 50.11 57.07 45.00 37.66 13.28 38.12 44.02
SoftAugment [38] 64.94 6821 4497 7391 66.81 5875 61.88 3340 6581 59.86 4376 49.88 14.66 4534 48.06
YOCO [37] 62.06 6495 2935 71.74 58.83 5325 5632 21.55 61.32 5232 39.68 43.32 8.97 45.69 40.86
RICAP [21] 73.15 67.37 2827 6772 61.02 6429 5957 1823 5920 5386 47.88 46.16 823 4526 4091
MixUp [8] 85.51 89.54 66.89 88.75 85.81 75.05 8249 46.72 81.16 7740 57.19 6586 21.84 62.82 60.89
CutMix [15] 76.31 88.08 35.65 77.01 7047 68.04 80.89 2336 69.07 63.02 51.81 62.11 10.03 5149 47.24
FMix [41] 75776 73.87 41.74 7532 66.60 66.60 6390 29.35 66.38 5833 49.52 48.68 13.06 49.33 44.02
GridMix [20] 72.63 69.17 2852 6733 6259 6331 60.10 19.34 5939 5477 46.68 46.54  7.87 4440 41.77
ResizeMix [40] 77.06 7155 34.02 7772 6421 6899 6337 2311 70.16 5675 51.10 4889 10.23 5221 4292
SaliencyMix [22] 7742 7505 4247 7855 6896 68.61 6531 2926 71.05 62.16 5148 50.09 12.86 52.12 48.16
PuzzleMix [23] 87.05 8847 60.10 84.77 8497 7710 8145 4197 7601 7540 5875 6571 1923 57.19 59.18
GuidedMixup [12] 61.85 63.15 22.61 5485 6198 5434 5519 15.68 47.88 5437 40.67 42.66 756 3580 41.14
StarMixup [9] 87.03 8481 06649 8947 84.66 7654 7506 4796 82.02 7649 57.18 56.09 2411 6191 59.10
LabelSmoothing [24] 76.51 7048 51.84 83.18 66.38 68.60 62.09 36.56 73.80 58.62 50.10 48.06 14.93 52.17 45.62

OnlineLabelSmooth [26] 70.83 67.14 4856 76.01 6823 6334 5954 3442 6652 6059 4796 4747 14.88 48.04 47.66
ConfidencePenalty [25] 66.52  65.17 4554 7254 6091 59.04 57.82 3142 06378 5439 4390 4528 1344 46.51 43.62
DirichletLabelSmooth [27] 77.53 71.53 5148 8494 06424 69.65 63.18 3540 75.60 5655 51.04 49.20 14.88 5347 4352
Bootstrapping [42] 61.85 50.15 48.06 7149 38.16 5524 4320 33.56 0238 3345 4151 3274 13.88 46.33 26.15

TABLE XIV
ToP-1 ACCURACY (%) 1 OF CORRUPTION OF VARIOUS AUGMENTATIONS ACROSS DIFFERENT MODELS ON TJU600 DATASET.

Corruption TJU600-C1 TJU600-C2 TJU600-C3

R18 Mobv2 FVN APN SLK-S ViT-S Swin-T RI8 Mobv2 FVN APN SLK-S ViT-S Swin-T R18 Mobv2 FVN APN SLK-S ViT-S Swin-T
Vanilla 76.99 77.64 45.82 70.11 60.90 57.05 63.47 59.31 67.13 31.96 57.81 4851 4522 48.40 30.01 4252 12.84 36.87 2443 2529 22.26
Flip 6748 71.81 39.58 65.62 5243 5226 5935 5034 59.77 27.34 5270 39.39 40.84 44.10 21.48 35.85 11.23 33.56 10.79 22.75 19.20
Rotate 7236 7376 39.74 64.62 55.62 5875 64.13 55.84 61.23 26.53 51.27 39.88 46.85 50.29 28.03 39.53 11.32 38.06 16.806 28.75 25.31
Translation 76.57 76.25 4471 68.70 61.87 59.65 6251 5 62.83 31.70 54.50 46.28 46.65 47.54 29.78 40.96 12.88 39.67 26.80 24.71 22.09
Noise 79.48 78.58 47.59 63.63 76.83 57.52 6432 66.68 69.15 34.72 50.90 67.34 50.50 54.99 44.38 47.80 13.54 36.53 45.05 34.97 35.85
Cutout [7] 75.82 7417 46.94 6447 68.08 5892 64.38 5695 59.36 32.53 51.28 5238 46.67 49.19 2525 3486 13.07 38.05 23.48 26.96 22.15
GridMask [36] 7111 73.86 3940 5595 70.14 57.47 6333 56.69 64.08 26.601 4524 58.69 47.04 51.83 30.80 43.44 11.87 3242 3478 28.34 34.63
RandomErasing [18] 79.53 80.35 47.08 75.83 67.57 5820 66.89 63.53 69.88 33.28 65.07 53.50 46.56 53.84 37.66 4576 15.01 40.08 30.30 27.29 26.66
RandomQuant [39] 69.27 7697 47.66 67.39 7237 65.68 47.00 5449 69.13 33.35 59.96 59.03 58.27 40.46 2354 51.87 16.54 41.72 23.66 41.51 17.46
AutoAugment [5] 77.11 76.68 42.08 7022 77.72 5297 6453 60.48 6335 29.39 5671 6439 4128 52.02 3426 3472 14.68 4441 40.25 21.89 24.49
RandAugment [6] 80.89 77.96 4545 73.39 69.45 6525 65.64 67.05 06.13 31.86 59.71 51.65 53.46 5271 4270 49.28 16.36 47.46 33.03 34.50 25.92
KeepAugment [19] 76.08 79.27 4426 70.83 74.81 56.97 6433 5823 68.84 31.07 57.29 60.87 4539 49.33 28.86 42.87 1224 3730 3595 25.00 23.32
TrivialAugment [13] 82.67 79.61 48.62 73.22 7472 6440 66.57 66.80 6538 34.09 59.88 51.79 5246 5345 44.35 4639 17.96 46.29 3598 33.14 27.01
TeachAugment [14] 71.21 6224 33.52 4928 5822 64.16 6238 54.51 49.08 24.71 3836 4473 51.03 47.42 29.11 21.80 12.82 27.58 24.43 2843 21.74
SoftAugment [38] 7796 7823 46.75 71.33 71.01 56.73 65.58 62.06 066.87 33.00 59.59 58.58 45.82 52.88 33.33 41.67 13.38 37.98 32.55 25.86 25.79
YOCO [37] 63.75 67.72 39.80 68.13 65.21 54.05 51.64 4730 49.60 26.83 55.17 47.20 4197 3690 18.74 19.11 11.16 37.84 16.67 22.67 15.65
RICAP [21] 7439 71776 4840 53.07 77.04 46.15 4843 5725 53.63 3420 43.05 59.08 3522 3538 26.70 2296 14.14 30.18 28.54 18.66 15.03
MixUp [8] 88.72 88.63 61.52 75.82 89.97 75.80 80.19 75.66 75.06 47.48 63.22 76.76 62.23 65.17 40.20 43.42 21.92 49.26 40.33 38.83 34.65
CutMix [15] 83.12 83.50 54.30 68.67 83.01 61.20 63.47 64.57 64.81 38.41 56.53 66.71 4798 4882 31.39 36.81 16.01 4241 37.11 2791 2191
FMix [41] 82.50 79.51 53.00 67.92 78.58 59.09 69.64 64.30 63.52 37.82 54.83 61.73 4727 55.00 3477 40.68 17.85 42.79 36.61 28.52 26.73
GridMix [20] 78.48 79.46 30.89 63.98 79.80 60.21 66.17 61.33 67.89 23.62 52.13 67.09 4846 53.11 31.84 43.14 10.83 39.97 40.22 28.73 23.61
ResizeMix [40] 78.16 76.65 4823 66.78 7991 57.56 61.24 62.69 58.00 35.29 5480 61.53 45.12 4559 33.65 34.08 16.80 41.75 33.02 27.67 24.81
SaliencyMix [22] 82.61 8252 54.02 71.92 83.33 62.70 63.88 64.48 63.66 38.12 5823 65.64 49.66 4836 31.69 3241 16.07 43.14 3542 30.37 22.20
PuzzleMix [23] 89.49 88.92 63.74 75.04 89.51 7424 7381 7325 74.62 47.87 61.82 76.89 60.25 56.35 37.99 390.86 21.11 47.68 40.92 37.95 27.80
GuidedMixup [12] 63.44 6042 23.50 54.54 63.09 56.00 40.75 50.74 4741 1648 46.42 49.53 4511 3549 2436 23.64 6.63 33.54 26.15 24.86 16.68
StarMixup [9] 88.64 89.99 62.22 78.95 91.39 73.73 80.34 74.39 77.97 47.54 65.34 79.00 60.12 64.83 40.01 49.60 20098 48.90 47.73 37.58 35.72
LabelSmoothing [24] 89.53 88.47 59.15 82.44 86.39 60.95 76.80 72.22 78.85 43.23 67.84 73.25 48.29 59.58 40.13 52.00 18.22 47.53 41.10 27.96 32.05

OnlineLabelSmooth [26]  79.33 80.50 47.70 75.32 81.60 59.62 69.21 61.26 70.15 33.66 62.08 69.68 47.44 53.16 31.74 43.45 13.57 39.87 41.06 26.80 2535
ConfidencePenalty [25] 77.00 77.98 45.66 73.55 7436 58.12 64.06 59.33 67.84 31.93 62.00 60.00 46.27 49.25 2995 43.11 12.69 38.48 3545 2590 2295
DirichletLabelSmooth [27] 89.73 88.95 58.38 81.26 87.47 60.81 77.56 72.13 7842 42.96 66.83 7549 48.05 60.10 40.89 50.15 18.18 47.36 43.90 27.85 31.94
Bootstrapping [42] 61.58 5043 19.64 7239 5550 57.64 64.58 4515 3579 12.46 60.06 40.70 46.01 49.26 18.70 1526 479 37.65 18.18 25.58 23.18
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Fig. 8. Receiver Operating Characteristic (ROC) curves of various data augmentation methods across two palm-vein datasets using different backbones. The
results for VERA220 are shown in the top three rows, and the results for TJTU600 are shown in the bottom three rows.



AGVBENCH: A RELIABILITY-ORIENTED BENCHMARK OF DATA AUGMENTATION FOR VEIN RECOGNITION 18

1.00 1.00fF--- gt —
e -
0.95 0.95 Rl 7
P 4
. 0.90 0.90 7 ‘/’
7 /
% 0.85 0.85 Iy ¥
< 4 o« i /
% £0.80 S £0.80 /'lj 7
= 075 075 Jj ot
o b /
s 0.70 0.70| ;! 7
/ ! /
0.65 |/ 0.65 I /
7 i )
0'6{)0’7 107° 0‘6](.)0'7 107® 107> 107* 107® 1072 107! 10° 0'63(.)0‘7 107% 107> 107* 107* 1072 107! 10°
FAR FAR
1.00 1.00 L
/./’ /‘;é
0.95 0.95 LA
0.90 0.90 R,
77
@ o085 0.85 S
Z < 4 v ;
> £0.80 0.80 o 5 7
o /‘/ / {'
s 0.75 0.75 - y /,/’I
< o070 0.70 / it
i s
0.65 /) 0.65 j ’
I : . | s
O'GPO’ 107° 107> 107% 1073 1072 107! 10° 0'6](.)0’7 107® 107> 107* 107® 1072 107! 10° 0'6](.)0’7 107® 107> 1074 1073 1072 107! 10°
FAR FAR
1.00fF--- 1.00fF---
0.95 0.95
0.90 0.90
0.85 ; 0.85
0 = o
'_l £0.80 7 £0.80
S 075 / 0.75
’ /
0.70 R 0.70
/ 5 1
0.65 -V /{;j/. ; 0.65
i L / LA %
0'6100‘7 10" 107> 107* 10~ 1072 107! 10° 0'6?0’7 107% 107> 107* 1073 1072 107! 10° 0'6]90’7 107® 107> 1074 1073 1072 107! 10°
FAR FAR FAR
1.00fF--- f==- 1.00f---
0.95 0.95
«© ” /4
p P Wy o
% £0.90 Vri’a /;/i J £0.90
7} ) /
&) LI ///:// !
0.85 /o y: j'/ K 0.85
z I L /
x4 /
i § Vi L
0'8{]0“’ 1073 0'8{)0“‘ 1073 1072 107t 10° 0'8](.)0‘4 1073
FAR
1.00fF--- . 1.00fF--- ~= g 1.00fF---
-
/
0.95 0.95 7
qq_s . ’ 4
Z < LTS e o« //
E £0.90 //',//./ //’ //././ /_/ £0.90 Vi
= P i v
< o085 L o v 0.85
Vi s l
Fa s Vs
Z /2 ’
0'8{)0‘4 1073 4 1073 1072 107t 10° 0'8100“‘ 1073 1072 107t 10°
FAR FAR
1.00fF--- 1.00F--- 7
]
Al
» 0% L vy 0.95 /}’7
"GI_J' /7‘;‘/ 7 ,/ /:’/I
< e ! < i
E ﬁ 0.90 /i/"/ // :'l ﬁ 0.90 // /vl/f
t' /;/ / :" / /,"I!
2 oss 7 / 0.85 7o
@ 4 A 4 "';/
A ;o
i / / / /
AL i K L
0'8{’0“‘ 103 1072 107! 10° 0'8{')0"‘ 1073 1072 1071 10° O'BPO“‘ 1073 1072 107t 10°
FAR FAR FAR
-= Vanilla GridMask TrivialAugment -= Vanilla —- GuidedMix ResizeMix -= Vanilla ConfidencePenalty
—: Flip RandomErasing TeachAugment —- MixUp StarMix SaliencyMix —- LabelSmoothing DirichletLabelSmooth
—- Rotate RandomQuant —- SoftAugment —+ PuzzleMix GridMix —- RICAP —- OnlineLabelSmooth —- Bootstrapping
—- Translation RandAugment —: YOCO
—- Cutout KeepAugment

Fig. 9. Receiver Operating Characteristic (ROC) curves of various data augmentation methods across two palm-vein datasets using different backbones. The
results for SCTU1100 are shown in the top three rows, and the results for FV-USM are shown in the bottom three rows.



AGVBENCH: A RELIABILITY-ORIENTED BENCHMARK OF DATA AUGMENTATION FOR VEIN RECOGNITION

19

1.00 P o
.:1'/’4’9’
v
0.95 =5
4
0 s
— A
3 E &0.90 T
% = =Y _/‘/‘{///
o e /,f/ /
o 085y 4",
w
Y
/I /
080t 2
1071 10° 107! 10° : 100“ 1073 102 1071 10°
FAR
- 1.00 STITmRETIsmsormamee
’ " Sl
/ //'4/
/ .
/ I 0.95|
k3] / ”
Z < K / o« v <
S go0.90 Vil 2 £0.90 £0.90
o s /
s 7/ J
4
<  ossf / 0.85 0.85
/
/
0'8](.)0“’ 1073 1072 107t 10° O'BfO“' 1073 1072 107t 10° 0'8{)0‘4 1073 1072 107! 10°
FAR FAR FAR
1.00 =T 1.00 1.00
0.95 0.95| 0.95
0N < o« <
|_| £0.90 ; ’ £0.90 £0.90
S / K
0.8,/ 0.85 0.85
/ / !
0'8](.)0‘4 1072 107 10° 0'8](.)0‘4 1073 1072 1071 10° 0'8P0‘4 1073 1072 107 10°
FAR FAR FAR
-~ Vanilla ~—+ Cutout KeepAugment -~ Vanilla StarMix ResizeMix -~ Vanilla ConfidencePenalty
—- Flip GridMask TrivialAugment —+ MixUp FMix — SaliencyMix —- LabelSmoothing DirichletLabelSmooth
—- Rotate RandomErasing — TeachAugment —- PuzzleMix GridMix —- RICAP ~ OnlineLabelSmooth — Bootstrapping
—- Translation RandomQuant —- SoftAugment —- GuidedMix
—- Noise RandAugment —: YOCO

Fig. 10. Receiver Operating Characteristic (ROC) curves of various data augmentation methods across SDUMLA-HMT datasets using different backbones.
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