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Abstract

Palm vein recognition has emerged as a promising biomet-
ric technology, yet its development remains constrained by
the scarcity of large-scale publicly available datasets. Sev-
eral methods of palm vein image generation have been pro-
posed to address this issue. These methods usually focus on
the anatomical realism of palm vein patterns, but overlook the
biophysical correlation between identities and vein patterns,
particularly in simulating identity-specific vein contrast. To
tackle this limitation, we propose a novel biophysics-driven
synthesis method. Our method constructs a 3D palm vascu-
lar tree via an established modeling method. Then, a projec-
tion model is proposed to map the 3D tree into 2D space
to derive palm vein patterns. The projection model is based
on skin spectral absorption and simulates the natural atten-
uation of light passing through the skin using a layer inte-
gration method. For different identities, we sample different
skin parameters, resulting in varying degrees of attenuation.
This method effectively simulates the variation in vein con-
trast across different identities. Furthermore, we introduce a
conditional diffusion model that uses the projected patterns
as identity conditions to generate palm vein images. To the
best of our knowledge, this is the first palm vein generation
method based on the diffusion model. Experimental results
demonstrate that our method not only outperforms existing
methods, but also enables a recognition model trained on our
synthetic data to achieve superior performance compared to a
model trained on real-world data at a scale of 2,000 IDs under
an open-set protocol witha TARQFAR =1:1of le — 4.

Code — https://github.com/Sunniva-Shang/LSAP_PV-
Layered-Spectral- Absorption-Projection

Introduction

As a highly promising biometric technology, palm vein
recognition has garnered significant attention from both
academia and industry in recent years. Palm veins are hid-
den under the skin and can be collected in a non-contact way.
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Therefore, palm vein recognition has better hygienic safety
and privacy protection. Several leading technology compa-
nies, such as Amazon (guide 2020) and Tencent (Tencent
2024), have released various palm vein recognition products,
which indicates that the era of large-scale industrialization
of palm vein recognition has gradually arrived. However, the
research on palm vein recognition is currently constrained
by a critical challenge, that is, the lack of large-scale pub-
licly available datasets for training recognition models. Gen-
erating large-scale synthetic datasets is one of the feasible
solutions to address this challenge.

Existing palm vein generation methods mainly focus on
modeling anatomically realistic palm vein patterns. These
methods typically employ 2D modeling-based methods
(Salazar et al. 2021a; Ou et al. 2022; Salazar-Jurado et al.
2024) to model palm veins with a stereoscopic structure,
producing unrealistic results. PVTree (Shang et al. 2025),
as a 3D modeling-based method, constructs 3D palm vas-
cular tree and projects it onto a 2D plane, achieving visu-
ally realistic palm vein patterns. However, it fails to explain
the biophysical correlation between individual identities and
vein patterns. As a result, generating palm vein images with
identity-specific vein contrast becomes impossible.

In reality, palm veins are located beneath the skin, which
means that the collected palm vein images contain not only
the inherent vein patterns distribution but also the optical in-
teraction relationship between the skin components and inci-
dent light. The interaction relationship is a crucial biophysi-
cal correspondence that determines vein contrast in collected
images. Vein contrast refers to the luminance difference be-
tween veins and surrounding skin tissues, with higher con-
trast indicating clearer vein visualization. Real-world palm
vein data exhibit varying levels of clarity across different
identities. However, PVTree’s depth-to-intensity normaliza-
tion projection method ignores this variation, unifying the
vein contrast of different identities into the same range. This
unification compromises the discriminability of identity and
disrupts the biophysical correspondence between individual
identities and vein patterns.

To address this issue, we improve the projection method
of PVTree and propose a novel biophysics-driven layered
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Figure 1: Layered spectral absorption projection (LSAP) and comparison of different generation methods in recognition tasks.
Left: LSAP model. We model the 3D palm vein projection as light attenuation in a multi-layered medium. Right: The average
accuracy of recognition models trained with synthetic data generated by different methods on publicly available datasets.

spectral absorption projection (LSAP), which aims to bridge
the authenticity gap in 3D-to-2D projection and improve the
physiological fidelity of the projected palm vein patterns.
When light penetrates human skin, the light-absorbing me-
dia in the skin, such as water, melanin, collagen, and blood,
absorb the light, resulting in attenuation of the light. The de-
gree of attenuation depends on both skin thickness and con-
centration of light-absorbing media, with greater thickness
and concentration inducing a greater degree of attenuation.
Differences in these parameters account for observed varia-
tions in vein contrast. By parameterizing the skin model with
the skin thickness and concentrations of light-absorbing me-
dia, we establish a physiologically meaningful identity rep-
resentation that directly controls inter-identity variations in
vein contrast. The Beer-Lambert law (Swinehart 1962) de-
fines the light attenuation intensity as it passes through a
homogeneous medium. Based on this law, human skin is
modeled as a multi-layer homogeneous medium, allowing
the calculation of light attenuation by using a layer integra-
tion method, as illustrated in Fig.1. For different identities,
we randomly sample skin parameters from clinical distribu-
tions, thereby generating palm vein patterns with identity-
specific vein contrast.

After obtaining the palm vein patterns that represent iden-
tity features, we introduce diffusion model (Ho, Jain, and
Abbeel 2020) to achieve the domain transfer from patterns
to images. The image-to-image translation method relies on
paired data for training. Existing methods use palm crease
energy extraction module (PCEM) (Jin et al. 2024) to ex-
tract the corresponding pattern from palm vein image, which
is the binarized image and exhibits a significant domain gap
with the synthetic patterns. To mitigate the domain gap, we
propose a vein pattern extraction module (VPEM) trained on
paired pseudo-palm vein data. It is able to achieves domain
transfer from real palm vein images to synthetic patterns,
effectively reducing the domain gap between extracted and
synthetic patterns.

Our method effectively solves the problem of the inabil-
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ity to simulate identity-specific vein contrast in the field of
palm vein generation, further improving the authenticity of
generated images. In summary, our contributions are as fol-
lows:

* QOur projection model is the first to incorporate biophys-
ical priors for controlling vein contrast. Based on skin
spectral absorption, the model can obtain palm vein pat-
terns with identity-specific vein contrast.

* We propose a vein pattern extraction module trained on
synthetic data and obtain patterns from real-world data
that are similar to the synthetic patterns, which effec-
tively bridge the domain gap between extracted and syn-
thetic patterns.

* This is the first palm vein generation method based on
diffusion model. Compared to existing GAN-based gen-
eration methods, our method achieves more realistic and
higher-quality palm vein images.

* We conduct extensive recognition experiments on several
public palm vein datasets and synthetic datasets. The ex-
perimental results demonstrate that our method signifi-
cantly outperforms existing methods.

Related Work
Palm Vein Recognition Methods

Traditional palm vein recognition methods rely on hand-
crafted feature extraction algorithms to capture both local
and global features (Wang et al. 2016; Abed et al. 2020; Sun
et al. 2021). These methods limit expressive power across
different datasets and exhibit poor generalization. With the
rapid development of deep learning, many deep learning-
based methods have been introduced into the field of bio-
metric recognition. These methods aim to optimize deep
neural networks to extract discriminative and robust palm
vein features (Wang, Sun, and Sowmya 2019; Li et al. 2022;
Htet and Lee 2023; Qin et al. 2023). Compared to tradi-
tional methods, deep learning-based methods more accu-
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Figure 2: Pipeline of the proposed method. First, the PVTree model is used to generate a 3D palm vascular tree. Then, we project
it onto a 2D space using our LSAP model. Next, Bézier creases (Zhao et al. 2022) are used to simulate the palmprint, which are
then blended with the projected palm vein patterns to obtain the final patterns. Finally, we employ a condition diffusion model
to generate palm vein images. A discrete style library provides randomly sampled style conditions, while the patterns act as
identity conditions, yielding palm vein images with specified styles and identities.
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Figure 3: Multi-layered skin model.

rately represent palm vein characteristics. However, they are
often constrained by the limited scale of publicly available
datasets.

Palm Vein Generation Methods

Given the scarcity of publicly available palm vein datasets,
employing generative models like StyleGAN (Karras et al.
2020) to directly sample noise from the latent space for
palm vein image generation (Salazar et al. 2021b) often
results in less-than-ideal outcomes. To mitigate the com-
plexity of generation, existing methods usually divide the
task of palm vein image generation into two subtasks: the
modeling of palm vein patterns and the subsequent ren-
dering of palm vein images. Existing methods for palm
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vein modeling include agent-based growth algorithms of the
Physarum (Salazar et al. 2021a), the random block compo-
sition method (RBC) (Ou et al. 2022), mathematical mod-
eling method (Salazar-Jurado et al. 2024), and 3D mod-
eling method PVTree. Following this, GAN-based models
are introduced to facilitate the rendering of palm vein im-
ages. However, these methods overlook the biophysical cor-
respondence between individual identities and vein patterns,
making it impossible to simulate the variations in vein con-
trast among different identities.

Image-to-Image Translation Methods

Image-to-image translation methods aim to transform one
representation of an image into another while preserving the
main features and content of the image. With advancements
in deep learning, particularly in GAN and diffusion mod-
els, this field has made significant strides. GAN-based meth-
ods, such as Pix2Pix (Isola et al. 2017) and CycleGAN (Zhu
et al. 2017), achieve domain-to-domain image translation by
leveraging the adversarial relationship between the genera-
tor and the discriminator, along with various constraint loss
functions. Diffusion model-based methods (Rombach et al.
2022; Yang et al. 2025) employ image encoders to process
the input images and then use diffusion models to progres-
sively denoise the images, resulting in high-quality outputs.
In recent years, diffusion models have demonstrated pow-
erful generation capabilities and have garnered increasing
research and application interest.

Methods
Overall Framework

Our generation method is a two-stage process: first, palm
vein patterns are modeled to obtain identity conditions, and



then a diffusion model is introduced to synthesize palm vein
images. The overall framework is illustrated in Fig.2.

In this section, we first discuss the anatomy of the skin
and derive a multi-layered skin model. Following this, we
propose a projection method based on the skin model. Fi-
nally, we introduce the diffusion model for generating palm
vein images.

Multi-Layered Skin Model

To better simulate light attenuation in the skin, we propose
a multi-layered skin model. As shown in Fig.3, the typical
skin model consists of three layers: the epidermis, dermis,
and hypodermis (Footner et al. 2023; Nunez 2009). This pa-
per focuses solely on the skin components that exhibit light-
absorbing properties.

The epidermis primarily consists of the upper basal tissue
and melanocytes located in the stratum basale. The upper
basal tissue protects the skin and prevents water evapora-
tion, while melanocytes secrete melanin, which protects the
skin from ultraviolet damage. The dermis contains an exten-
sive vascular network and collagen. The vascular network
supplies essential nutrients and oxygen to skin cells, and the
collagen provides structural integrity and support to the skin.
The hypodermis is mainly composed of adipocytes and large
blood vessels. Adipocytes store energy for the body, and the
large blood vessels extend upward to form the vascular net-
work of the dermis. The multi-layered skin model enables a
more precise description of light absorption in different skin
layers, which is crucial for understanding the interaction be-
tween light and skin.

Layered Spectral Absorption Projection

Based on the proposed multi-layered skin model, we pro-
pose a layered spectral absorption projection model (LSAP).
This model combines the skin spectral absorption to project
the 3D palm vascular tree modeled by PVTree into a 2D
space.

According to the Beer-Lambert law, when a beam of light
passes through a homogeneous medium of a certain thick-
ness, the attenuated light intensity [,;4¢,, follows the law:

ey

where I is the initial light intensity, p is the absorption
coefficient of the medium for light with a wavelength of A,
and z is the thickness of the medium. Therefore, for non-
uniform media such as human skin, we use path integration
to calculate the attenuated light intensity:

— xr
Totten = Toe™# )

= Tpe™ T, @
where ) (x) represents the absorption coefficient of the
medium at a depth of x for light with a wavelength of \.
Given the impracticality of acquiring the absorption coef-
ficient at each skin depth, we approximate the path integral
using a discretized summation over segmented skin layers.
Based on the multi-layered skin model, we represent the skin
as a multi-layer homogeneous medium. Specifically, for the
skin layer containing only a single medium, its absorption
coefficient is determined by that medium. For the skin layer

Iatten
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Layer Thickness(um)  Tissues  Concentration(%)
1 85 to 145 water 1—Che
2 15 melanin =~ 0.8 t0 43(C)ye)
water 1-Cy —Ce
3 1310 to 3310 blood 0.25 t0 2(C5)
collagen 15t0 30(Ceo)

Table 1: Sampling range of parameters for skin models
(Vyas, Banerjee, and Burlina 2013).

Project
_—

Figure 4: Projection results of the same palm vascular tree
under different skin parameters.

containing multiple media, its absorption coefficient is re-
lated to the concentration of these media. In practice, we
focus on the epidermis and dermis, as these are the regions
where near-infrared light penetrates most easily.

The epidermis contains water and melanin, which exhibit
relatively distinct stratified structures. Therefore, it is mod-
eled as two skin layers containing a single medium. The der-
mis contains water, blood, and collagen, which are mixed
without distinct stratification. Hence, it is modeled as a sin-
gle skin layer containing multiple media. Ultimately, we get
a three-layered skin model comprising the upper epidermis,
the melanin layer, and the dermis layer. The absorption co-
efficient for each layer is calculated as follows:

H1 = (1 - Cm,e)ﬂwt;
H2 = Cme,u/me;
M3 = (1 —Cp— CCO)th + Cyppip + Coolico,

where 11;,7 = 1,2, 3 represent the absorption coefficients of
each layer, and fiyt, fhmes b, Mo TEPTESent the absorption
coefficients of water, melanin, blood, and collagen, respec-
tively. Additionally, C),e, Cco, and C}, denote the concen-
trations of melanin, collagen, and blood, respectively. Thus,
the layered spectral absorption projection is modeled as:

Lotten = IOEZCP(* Z Ul(A)xl)v

3)

“4)

where 1;(\) represents the absorption coefficient of the i-th
skin layer for light with a wavelength of A, and z; represents
the thickness of the ¢-th skin layer.

After establishing the projection model, we need to de-
termine the model parameters. Aligning with public bench-
mark datasets that predominantly use 850 nm near-infrared



illumination, we standardize \ 850 for deriving ab-
sorption coefficients (Nunez 2009). Notably, our method
supports generalization to arbitrary wavelengths. Addition-
ally, for different identities, the concentrations of the media
within the skin and the thickness of each layer vary, which
results in diverse vein contrast in the collected palm vein
images. Therefore, we set sampling regions for the relevant
parameters. By sampling different media concentrations and
skin thicknesses for different identities, we effectively simu-
late the variations in vein contrast. Table 1 lists the sampling
regions of the relevant parameters, and Fig.4 illustrates the
projection results of the same 3D palm vascular tree by sam-
pling various skin parameters.

Additionally, real-world palm vein images of the same
identity exhibit local variations due to the influence of the
collection environment, which specifically manifests as the
absence or lack of clarity of certain palm vein patterns. To
simulate this, we further refine the projection method of
PVTree by randomly masking portions of the patterns during
projection. Besides, during palm vein imaging, the results
are significantly affected by palmprints, exhibiting promi-
nent palmprint lines. Therefore, we integrate state-of-the-art
B’ezier creases to model prominent palmprint lines. Follow-
ing this, we adhere to the PVTree settings, cropping the re-
gion of interest(ROI), and blending it with the Bézier creases
to obtain the final palm vein patterns.

Palm Vein Images Generation

Vein Pattern Extraction Module Upon obtaining the palm
vein pattern, we input it as an identity condition into the
generation model to produce the palm vein image. This
image-to-image generation model relies on paired data for
training, necessitating the acquisition of corresponding pat-
terns from real-world data. Existing methods employ PCEM
for pattern extraction, but its resulting binarized images
have a substantial domain gap compared to our depth-aware
vein patterns that preserve rich anatomical information. To
bridge this gap, we propose a vein pattern extraction module
(VPEM) trained on synthetic data. Our pipeline first gen-
erates synthetic image-pattern pairs using the PVTree. This
paired data enables supervised training of arbitrary image-
to-image translation models. For VPEM’s architecture, we
adopt CycleGAN due to its demonstrated effectiveness in
image translation tasks. After training, VPEM is able to per-
form style transfer from images to patterns, effectively ac-
quiring the ability to extract patterns from real-world data.
The extraction results of VPEM compared to the existing
method are shown in Fig.5. The results demonstrate that,
compared to the existing method, VPEM not only effec-
tively captures the palm vein patterns in real-world data but
also includes depth information. Furthermore, since VPEM
is trained on synthetic patterns, the results extracted from
real-world data exhibit a distribution similar to the synthetic
patterns, thereby significantly minimizing the domain gap.
Conditional Diffusion Model The diffusion model is a
generative model composed of two processes: the forward
diffusion process and the reverse denoising process. During
the forward diffusion process, the model incrementally cor-
rupts the data by adding noise over a series of time steps .
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Figure 5: Visual comparison between palm vein patterns ex-
tracted by PCEM and VPEM, alongside our patterns.

At each step, a certain amount of noise is added, gradually
transforming the data into complete noise by the final step.
The process is formulated as:

Q($t|$t—1) = N(l‘t;\/OTtGUt—l,(l —Oét)f), )

where z; represents the noisy image at step ¢, and « is a pre-
defined parameter. During the reverse denoising process, a
noise prediction model eg(z¢, t) is employed to estimate the
added noise at each timestep, enabling stepwise reconstruc-
tion of the original data distribution through mean compu-
tation (¢, ¢, €9). The variance in this process is typically
fixed and determined by predefined parameters.

Style Library To address style discrepancies caused by
acquisition devices and environmental factors across pub-
lic palm vein datasets, we introduce a discrete style library
corresponding to distinct datasets. These style conditions
are transformed into dense vector representations sty via
an embedding layer and subsequently fused with the diffu-
sion model’s timestep embeddings to modulate noise predic-
tion €p (¢, t, sty). This composite embedding modulates the
denoising process at every timestep, enabling the diffusion
model to generate realistic palm vein structures while ex-
hibiting style characteristics aligned with the target domain.
The process is formulated as:

pe(ﬂft - 1|33t) = N(xtfl;ﬂe(xtvta 69)7 (1 - at)I)~ (6)

During training, palm vein patterns extracted from real-
world data by VPEM are used as conditions and concate-
nated with the input images for model training. In the in-
ference stage, synthetic patterns provide an identity condi-
tion, while randomly sampled style code from the style li-
brary deliver stylistic control. This dual-conditioning frame-
work synthesizes palm vein images with specified identity
and target-domain stylistic attributes.

Experiment
Experimental Setup

Datasets We utilize four publicly available palm vein
datasets: CASIA (Hao et al. 2008), PolyU (Zhang et al.
2009), HFUT(Shang et al. 2025), and TongJi (Zhang et al.
2018), comprising a total of 1,502 identities and 24,048
images. Table 2 provides detailed information about these
datasets. Among these datasets, CASIA is a multispectral
dataset, and we only use the images captured at a wave-
length of 840nm. Following the same open-set evaluation
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Figure 6: A visual comparison between existing generative
methods and our method is presented. The red box high-
lights that our synthetic data exhibits clear identity-specific
vein contrast, consistent with real-world data. The refer-
ences are sourced from public datasets (Hao et al. 2008;
Zhang et al. 2009; Shang et al. 2025).

protocol in PVTree, we split each dataset into training and
testing sets with a 1:1 ratio. For both the generative model
and the recognition model, we use the training sets from the
four public datasets, comprising a total of 751 identities and
12,024 images. The testing sets are employed to evaluate the
performance of the recognition models.

Datasets #ID  Samples Total images Sessions interval
CASIA 200 6 1,200 30days
HFUT 202 24 4,848 7days
PolyU 500 12 6,000 9days
Tongli 600 20 12,000 61days

Table 2: Details of the palm vein datasets used in our exper-
iments.

Generation Model Training Setups The genera-
tion model uses an open-source implementation of ID-
DPM(Nichol and Dhariwal 2021). The resolution of
128 %128 pixels is a commonly adopted size in public palm
vein datasets and widely used in biometric fields like face
and palmprint. We maintain this convention for our synthetic
data. Besides, we employ a cosine noise schedule and set
the number of diffusion steps to 1,000, with a learning rate
of 2e — 4. All experiments are conducted on 8 GPUs with a
batch size of 32.

Recognition Model Training Setups The recognition
model employs ArcFace (Deng et al. 2019) with a scale
factor s = 64 and a margin m = 0.5, implemented on a
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Datasets Syn-sPVDB  NS-PVDB  PVTree Ours
FID 31.62 28.63 20.07  18.50
Wang17 0.48 0.60 0.63 0.73

Table 3: Scores of quality assessment on real and synthetic
datasets.

ResNet50 (He et al. 2016) backbone. In the training pro-
cess, we adopt the SGD optimizer with 0.9 momentum and
5 x 10~* weight decay for 30 epochs. The learning rate is
initialized to 0.1 and decayed by 10x at epochs 20 and 25.
All experiments are conducted on 4 GPUs with a batch size
of 32.

Assessment of Image Quality

To evaluate the quality of our synthetic images, we employ
both visual comparison and quantitative assessment meth-
ods. Fig.6 presents a visual comparison between our syn-
thetic samples and those generated by open-sourced palm
vein generation methods, including Syn-sPVDB (Salazar
et al. 2021b), NS-PVDB (Salazar et al. 2021a), PVTree, as
well as real-world data. It can be observed that our data
not only exhibit high visual similarity to real-world data but
also effectively simulate significant variation in vein contrast
across different identities. It demonstrates the effectiveness
of our proposed projection model. For quantitative assess-
ment, we use the commonly employed image quality met-
rics: Fréchet inception distance (FID) and the vein image-
specific quality measure Wang17 (Wang et al. 2017), where
a lower FID and a higher Wang17 score indicate better im-
age quality. As shown in Table 3, the experimental results
demonstrate that our synthetic data achieves the lowest FID
score, highlighting their distribution similarity to real-world
data. Furthermore, the comparison of palm vein image qual-
ity scores using Wang17 further emphasizes the high quality
of our synthetic data.

Assessment of Recognition Performance

In downstream recognition tasks, we compare the existing
generation methods with our method in terms of their im-
pact on the accuracy of the recognition model. For palm
vein generation methods, we select the open-source meth-
ods Syn-sPVDB, NS-PVDB, and PVTree. Additionally, to
provide a more comprehensive evaluation, we also compare
advanced methods in the fields of palmprint and face gener-
ation, including PCE-Palm, IDiff-Face (Boutros et al. 2023),
and Vec2Face (Wu et al. 2024). The comparative experi-
ments among different methods use the same dataset size of
4,000 IDs with 7 samples per ID, consistent with the open-
source synthetic palm vein datasets. The experimental re-
sults are presented in Table 4, where we use equal error rate
(EER) and true acceptance rate at a 1le — 4 false acceptance
rate (TAR@ le-4) as evaluation metrics.

Based on the experimental results presented in Table 4,
we observe that, compared to real-world data, existing gen-
eration methods are generally unable to effectively enhance



Datasets CASIA PolyU HFUT Tongli Average
Name IDs Imgs EER T‘f‘ell@ EER T‘f‘ell@ EER T‘f‘ell@ EER T‘f‘ell@ EER Tﬁii@
Real data 751 12024 | 0.0259 0.8980 0.0008 0.9948 0.0049 0.9321 0.0130 0.9306 | 0.0112 0.9389
NS-PVDB 4000 28000 | 0.1297 0.4259 0.0250 0.8140 0.0381 0.7145 0.1718 0.2371 | 0.0912 0.5479
Syn-sPVDB 4000 28000 | 0.2466 0.2025 0.0199 0.8597 0.0836 0.4831 0.2794 0.0978 | 0.1574 0.4107
PCE-Palm 4000 28000 | 0.0456 0.6804 0.0120 0.8831 0.0143 0.8478 0.0264 0.8479 | 0.0246 0.8148
IDiff-Face 4000 28000 | 0.0402 0.6710 0.0040 0.9725 0.0182 0.8420 0.0444 0.6724 | 0.0267 0.7895
Vec2Face 4000 28000 | 0.0402 0.6710 0.0040 0.9725 0.0182 0.8420 0.0444 0.6724 | 0.0267 0.8653
PVTree 4000 28000 | 0.0241 0.8749 0.0040 0.9699 0.0100 0.9001 0.0117 0.9358 | 0.0125 0.9202
4000 28000 | 0.0194 0.8914 0.0007 0.9984 0.0044 0.9402 0.0115 0.9432 | 0.0090 0.9433
1000 20000 | 0.0289 0.8547 0.0010 0.9928 0.0077 0.9390 0.0154 0.9202 | 0.0133 0.9267
Ours 2000 40000 | 0.0239 0.8858 0.0009 0.9932 0.0028 0.9526 0.0144 0.9307 | 0.0105 0.9406
3000 60000 | 0.0195 0.8930 0.0008 0.9971 0.0054 0.9432 0.0114 0.9366 | 0.0093 0.9425
4000 80000 | 0.0181 0.9031 0.0009 0.9968 0.0060 0.9517 0.0106 0.9459 | 0.0089 0.9494
Mix! 4751 92024 | 0.0151 0.9385 0.0006 0.9988 0.0017 0.9559 0.0073 0.9771 | 0.0062 0.9676

! Mixing the real data with our 4,000 IDs dataset.

Table 4: Recognition performance on real datasets and synthetic datasets under different experimental settings.

Settings TAR@1e-4
L V S CASIA PolyU HFUT Tongli Average
X X X 08525 09726 0.8718 0.8846 0.8954
X X v 08611 0.9836 0.8925 0.8949  0.9080
X v X 08642 09840 0.8935 0.8963  0.9095
v X X 08824 09962 09244 09285 0.9329
vV v v 08914  0.9984 09402 0.9432  0.9433

Table 5: Recognition performance on synthetic datasets with
different generation components.

the performance of recognition models. In contrast, our syn-
thetic data surpasses the recognition performance of exist-
ing methods with a small number of IDs. As the number
of IDs increases, the recognition performance further im-
proves, surpassing real data at a scale of 2,000 IDs and
achieving optimal performance at a scale of 4,000 IDs. Ad-
ditionally, we find that the performance of the recognition
model achieves greater improvement when supported by a
combination of synthetic and real data. This demonstrates
that our method achieves a balance between identity consis-
tency and intra-class diversity, consequently yielding supe-
rior performance.

Ablation Study

In the ablation experiments, we evaluate the impact of dif-
ferent components in the generation process on recognition
performance, including the LSAP model, the VPEM, and
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the style library. For convenience, we denote these compo-
nents as L, V, and S, respectively. Table 5 presents the ex-
perimental results for different component configurations.
All experimental settings remain consistent with previous
experiments, utilizing a synthetic dataset size of 4,000 IDs
with 7 samples per ID. The experimental results show that
the inclusion of each component has a positive effect on
improving the recognition performance. Notably, our pro-
jection model significantly enhances the recognition perfor-
mance compared to the original method.

Conclusion

In this paper, we propose a novel palm vein generation
method that is able to simulate identity-specific vein con-
trast. Using the projected vein patterns as identity condi-
tions, we introduce a conditional diffusion model to generate
high-fidelity palm vein images. In our method, we propose
VPEM to extract palm vein patterns from real-world data,
thereby providing paired data for the training of the diffusion
model. The experimental results show that the image qual-
ity of palm vein generated by our method is obviously better
than that generated by other existing generation methods.
Furthermore, the recognition accuracy of the model trained
on data generated by our method is obviously higher than
that of the models trained on data generated by other exist-
ing generation methods, and even exceeds that of the model
trained on real data at a scale of 2,000 IDs. This validates
that our work significantly promotes the study of vein im-
age generation. In future work, exploring how to better de-
fine biophysical priors and effectively incorporate them into
deep models will be a valuable research direction.
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